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Abstract

This thesis investigates the role of question understanding in Question Answering systems,
developing methods that exploit question semantic equivalence at progressively larger scales:
from individual question pairs, through equivalence clusters, to entire datasets.

The first part addresses question retrieval at scale. We introduce QUADRo, a retrieval
framework operating over millions of question-answer pairs, and the Question Ranking Corpus
(QRC), a large-scale resource with answer-aware annotations and challenging hard negatives.
We demonstrate that incorporating answers during retrieval substantially tmproves accuracy,
as answers serve as a semantic bridge between questions that share little lexical overlap but seek
the same information. To reduce annotation costs, we develop Question Ranking Pre-training
(QRP), a self-supervised method that learns question equivalence patterns without labeled data,
achieving significant improvements while reducing model variance by over 50%.

The second part extends pairwise equivalence to question clusters. We analyze coherence in
Large Language Models, finding that a substantial portion of question clusters exhibit incoher-
ent behavior: models answer some phrasings correctly while failing on semantically equivalent
alternatives. This reveals that understanding failures, not just knowledge gaps, limit LLM
performance. We introduce Question-Augmented Generation (¢-RAG), which supplements
prompts with retrieved similar questions, improving accuracy by up to 9 percentage points
and coherence by up to 28 points. We further show that ¢-RAG’s benefits can be distilled
into model parameters through Direct Preference Optimization (DPO) and Supervised Fine-
Tuning, producing standalone models with improved coherence that surpass the inference-time
approach. For retrieval systems, we apply clusters to train models for consistency: the Coher-
ence Ranking Loss improves ranking coherence by up to 30% while simultaneously improving
relevance.

The third part lifts equivalence to the dataset level. We introduce dataset declassification, a
framework that replaces proprietary questions with semantically equivalent public alternatives,
enabling dataset sharing without exposing sensitive content. Models trained on fully declas-
sified data match baseline performance (WikiQA A ~ 0, TrecQA |A| < 1.2 points), and test
set declassification preserves evaluation validity when high-quality mappings exist (JA| < 2
on standard benchmarks), enabling the release of “shadow benchmarks” for evaluation in-
tegrity. We identify boundary conditions through experiments on adversarially-constructed
benchmarks.

Together, these contributions show that question semantic equivalence, systematically ex-
ploited at multiple scales, enables substantial improvements to QA system accuracy, consis-
tency, and evaluation integrity.
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Chapter 1

Introduction

Question Answering (QA) is a core task in Natural Language Processing (NLP) that enables
machines to understand and respond to human questions. From web search engines to virtual
assistants, the ability to match questions with relevant answers drives some of the most
widely used applications in computing (Voorhees and Tice, 1999). Recent advances with
Large Language Models (LLMs) have dramatically improved QA capabilities (Brown et al.,
2020; Touvron et al., 2023), but fundamental challenges remain. Retrieving semantically
equivalent questions at scale lacks adequate infrastructure; LLMs and retrieval systems exhibit
inconsistent behavior across equivalent phrasings; and benchmark integrity is increasingly
compromised by data contamination while dataset privacy limits collaboration.

This thesis investigates these challenges through the lens of question semantic equivalence:
the relation that holds between questions seeking the same information. We demonstrate that
understanding and exploiting this equivalence at multiple scales, from individual question
pairs to entire datasets, enables substantial improvements to QA systems.

1.1 Research Gaps and Contributions

This thesis examines core challenges in question understanding and proposes methods to
enhance the accuracy, consistency, and reliability of QA systems. We identify four major
research gaps:

1. (Research Gap 1) Insufficient Resources and Methods for Question Retrieval
at Scale. Many QA scenarios require matching user questions against large databases
of previously answered questions, a paradigm known as Database-QA (DBQA) (Fader
et al., 2014). However, existing resources are insufficient: datasets for question match-
ing are small-scale and domain-specific (Lei et al., 2016; Iyer et al., 2017), lack chal-
lenging hard negatives, and do not incorporate answer information into annotations.
Creating large-scale resources is prohibitively expensive due to annotation costs, yet
self-supervised pre-training methods that could reduce this dependency have not been
developed for question ranking. Lexical methods like BM25 (Robertson and Zaragoza,
2009a) fail to capture semantic equivalence across different surface forms, while neural
approaches have not been optimized for question-to-question matching. Crucially, the
role of pre-computed answers in improving retrieval remains underexplored: answers
can serve as a semantic bridge between questions that share little lexical overlap but
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seek the same information. This gap is addressed in Chapter 3 (Sections 3.2-3.4) and
Chapter 4 (Section 4.1).

2. (Research Gap 2) Incoherent Behavior of LLMs on Equivalent Questions.
LLMs often produce inconsistent answers when presented with semantically equivalent
questions (Elazar et al., 2021; Raj et al., 2023). A model may correctly answer “ What
is the capital of France?” but fail on “France’s capital city is?” despite possessing the
required knowledge. This coherence failure is distinct from accuracy failures where the
model lacks required information. Such inconsistencies challenge user trust and indicate
failures of question understanding rather than missing knowledge. Current approaches
focus primarily on improving accuracy through scaling (Kaplan et al., 2020) or retrieval
augmentation (Lewis et al., 2020b), but neglect consistency across equivalent phrasings.
This gap is addressed in Chapter 5 (Sections 5.2.2-5.2.3).

3. (Research Gap 3) Inconsistent Retrieval for Equivalent Queries. Information
retrieval systems exhibit similar coherence problems: equivalent queries often produce
substantially different ranked lists (Wang et al., 2021). When a user searches for “climate
change effects” versus “impacts of global warming”, they expect similar results, but in
this case the retrieval models may return divergent rankings. This inconsistency affects
user experience and complicates downstream applications that depend on stable retrieval
behavior. While systems to be robust to lexical variations (Campos et al., 2023) and
query reformulation techniques (Wang et al., 2021) address related problems, they do
not directly optimize for ranking consistency across semantically equivalent queries.
No training objectives exist that explicitly encourage retrieval coherence. This gap is
addressed in Chapter 5 (Section 5.6).

4. (Research Gap 4) Benchmark Integrity and Dataset Privacy. The widespread
use of web-scraped training data means that benchmark questions increasingly appear
in LLM training corpora, compromising evaluation validity through data contamination
(Balloccu et al., 2024). Models may achieve high scores through memorization rather
than generalization, making it difficult to assess true capabilities. Additionally, orga-
nizations cannot share proprietary QA datasets for research without exposing sensitive
content, limiting collaboration and reproducibility. Both problems require methods to
transform datasets while preserving their utility: for training sets, the transformed data
must yield equivalent model performance; for test sets, it must additionally preserve task
difficulty to maintain evaluation validity. Question retrieval offers a potential solution
by mapping proprietary questions to semantically equivalent public alternatives, but no
systematic framework exists for such transformation, and the conditions under which
dataset equivalence holds have not been studied. This gap is addressed in Chapter 6
(Sections 6.2-6.5).

These challenges share a common thread: question semantic equivalence at different scales.
Gap 1 addresses equivalence between question pairs, developing retrieval methods to find ques-
tions seeking the same information. Gaps 2 and 3 extend this to equivalence clusters, using
groups of equivalent questions to analyze and improve model coherence. Gap 4 lifts equiva-
lence to the dataset level, asking whether entire datasets can be replaced with semantically
equivalent alternatives. This progression from pairwise to cluster to dataset equivalence pro-
vides a unified framework: the retrieval infrastructure of Gap 1 enables the coherence analysis
of Gaps 2-3, which in turn informs the declassification methodology of Gap 4.
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To address these gaps, we develop: (i) a 6.3M question-answer database with answer-
aware retrieval methods and self-supervised pre-training; (ii) question-augmented generation
for LLM coherence; (iii) coherence-aware training objectives for retrieval; and (iv) a declassi-
fication framework for privacy-preserving dataset transformation.

These methods are detailed in Chapters 3 through 6, with theoretical foundations pro-
vided in Chapter 2. Figure 1.1 summarizes this progression and the corresponding methods
developed in each chapter.

Pair Equivalence grouping Cluster Equivalence | aggregation | Dataset Equivalence
qi < q; C:{q17"'7qn} D~TD
v v v
-RAG
QUADRo + QRC| N ((le LOSS  feeeooeoieiieis , Declassification
QRP Pre-training retrieval DPO/SFT clusters Framework

Ch. 3 Ch. 5 Ch. 6

Figure 1.1: Unified view of the thesis contributions. Question semantic equivalence is studied at three
scales: pairwise equivalence for retrieval (Chapters 3—4), cluster equivalence for coherence optimization
(Chapter 5), and dataset equivalence for privacy-preserving transformation (Chapter 6). Each scale
builds on the infrastructure developed at the previous level.

1.1.1 Question Retrieval: Resources and Methods

Retrieving semantically equivalent questions from large databases is essential for DBQA
(Fader et al., 2014) and duplicate question detection (Lei et al., 2016). The task requires
identifying questions that seek the same information regardless of surface form, enabling sys-
tems to reuse previously computed answers rather than generating new responses.

However, existing question matching datasets present significant limitations. Resources
like Quora Question Pairs (Iyer et al., 2017) and SemEval duplicate detection tasks (Nakov
et al., 2016a) contain only thousands of examples and focus on narrow domains. They typically
use random negative sampling, which produces easy negatives that do not challenge models
to learn fine-grained semantic distinctions. Furthermore, these datasets treat questions in
isolation, ignoring the answer information that could help disambiguate equivalent questions
with different surface forms.

The role of answers in question matching deserves particular attention. Two questions may
appear dissimilar lexically but become clearly equivalent when their answers are considered.
For instance, “ Who painted the Mona Lisa?” and “The creator of La Gioconda” share few
words but obviously seek the same information when paired with the answer “Leonardo da
Vinci”. Existing approaches do not systematically exploit this signal.

Finally, while pre-training has revolutionized NLP (Devlin et al., 2019a; Liu et al., 2019),
generic pre-training objectives optimize for general language understanding rather than the
specific requirements of question ranking. Methods that pre-train specifically for ranking

3
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tasks exist (Di Liello et al., 2022a), but none target the unique characteristics of question-to-
question matching.

Our contribution: We introduce QUADRo (QUestion-Answer Database Retrieval), a
comprehensive framework for question retrieval operating over 6.3 million question-answer
pairs aggregated from diverse high-quality sources including GooAQ (Khashabi et al., 2021),
WikiAnswer (Fader et al., 2013), and various curated collections (Chapter 3). QUADRo com-
bines dense neural retrieval with cross-encoder reranking in a two-stage architecture, achieving
sub-second latency suitable for interactive applications while maintaining high accuracy.

We demonstrate that incorporating answers during retrieval substantially improves per-
formance, with gains of +5 P@Q1 over answer-agnostic methods. We show that neural ap-
proaches are essential for semantic matching, outperforming BM25 by 19%. We analyze the
effects of candidate ordering during training, finding that presenting candidates in query-
answer-question (QAQ) order brings to optimal results by encouraging models to use answer
information as a bridge between queries and candidates.

We also introduce the Question Ranking Corpus (QRC), containing 15211 queries
with approximately 443K annotated examples. QRC addresses limitations of existing datasets:
it provides substantially larger scale, includes challenging hard negatives sampled from dense
retrieval (ensuring that models must learn fine-grained distinctions), incorporates answer-
aware relevance judgments, and covers open-domain factual questions rather than narrow
domains.

To reduce dependence on manual annotation, we develop Question Ranking Pre-
training (QRP), a self-supervised method that trains models to detect ranking corruptions
without access to the original query (Chapter 4). By withholding the query, QRP forces
models to learn from answer-mediated relationships between questions, developing abstract
patterns of equivalence that transfer to new queries. QRP achieves statistically significant im-
provements (+1.05% P@1, p = 0.0005) while reducing model variance by over 50%, improving
reliability of model selection.

1.1.2 Coherence of Large Language Models

While LLMs achieve impressive accuracy on QA benchmarks (Brown et al., 2020; Touvron
et al., 2023), their behavior on semantically equivalent questions reveals significant incon-
sistencies. Recent work has documented that models often change their predictions when
questions are paraphrased (Rabinovich et al., 2023), but comprehensive analysis of this phe-
nomenon on factual QA and methods for addressing it remain limited.

We distinguish between two types of failures. Accuracy failures occur when a model
produces incorrect answers due to missing knowledge. These may be addressed by improving
training data or retrieval augmentation. Coherence failures occur when a model produces
inconsistent answers to equivalent questions, even when some answers are correct. A model
exhibiting coherence failures possesses the required knowledge but fails to access it reliably
across different phrasings. This distinction has important implications: improving coherence
requires enhancing question understanding, not expanding factual knowledge.

Existing approaches to improving LLM reliability focus primarily on scaling model size
(Kaplan et al., 2020), improving training data quality, or augmenting generation with retrieved
documents (Lewis et al., 2020b). However, these approaches target accuracy rather than
consistency. Retrieval-Augmented Generation (RAG) provides new factual information but

4
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does not address failures where the model already possesses relevant knowledge but fails to
access it due to question misunderstanding.

Our contribution: We provide the first comprehensive analysis of LLIM coherence on
factual QA (Chapter 5). Using clusters of equivalent questions constructed from paraphrase
datasets and question retrieval, we evaluate whether models produce consistent answers across
phrasings. Our analysis spans multiple model families (Phi, LLaMA, Mistral) and sizes, re-
vealing significant coherence gaps where models succeed on some phrasings but fail on seman-
tically equivalent alternatives. These failures persist even in the largest models, suggesting
that scaling alone does not solve the coherence problem.

We analyze factors influencing coherence, finding that question difficulty is the strongest
predictor: models are less coherent on harder questions. We also find that coherence failures
often occur on questions where the model demonstrates knowledge through some phrasings
but not others, confirming that understanding rather than knowledge is the bottleneck.

To address coherence gaps, we introduce Question-Augmented Generation (q-RAG),
a novel retrieval-augmented approach that supplements LLM prompts with clusters of similar
questions retrieved from a large database. Unlike traditional RAG that retrieves documents
containing new factual information, q-RAG retrieves questions expressing equivalent or re-
lated information needs. This provides redundant semantic signal about user intent without
introducing potentially distracting factual content.

The intuition is that multiple phrasings of a question collectively constrain its interpreta-
tion more than any single phrasing alone. When a model sees not only “How many calories
are in a cucumber?” but also “Cucumber calorie content?” and “What is the nutritional
energy value of cucumbers?”, it receives converging evidence about the intended information
need.

Empirically, g-RAG improves accuracy up to 9 percentage points and coherence up to 28
points across multiple LLMs. Remarkably, ¢-RAG outperforms document-based RAG despite
providing no new factual information, demonstrating that understanding failures rather than
knowledge gaps often limit LLM performance.

We extend this analysis to multilingual settings, examining whether coherence patterns
transfer across languages. The analysis reveals both universal patterns: (i) coherence decreases
with question difficulty across all languages, and (ii) language-specific effects as coherence
varies with resource availability and typological features. These findings inform development
of multilingual QA systems and highlight the need for language-aware coherence optimization.

1.1.3 Coherence of Retrieval Systems

Information retrieval systems face analogous coherence challenges. When users issue seman-
tically equivalent queries, they expect consistent results, but retrieval models often produce
substantially different rankings (Bernard et al., 2007; Jansen et al., 2005). This inconsistency
has practical consequences: users reformulating unsuccessful queries may receive entirely dif-
ferent results rather than refined versions, and downstream systems that aggregate multiple
query variants may encounter contradictory evidence.

Traditional approaches address related but distinct problems. Query expansion techniques
(Carpineto and Romano, 2012) add terms to improve recall but do not ensure consistency
across equivalent formulations. Query reformulation methods (Wang et al., 2021) transform
queries to improve retrieval but optimize for relevance rather than consistency. Robust re-
trieval research (Voorhees, 2006) focuses on maintaining performance across diverse queries
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rather than consistency across equivalent ones.

The fundamental issue is that standard retrieval training objectives optimize only for
relevance: given a query, rank relevant documents above non-relevant ones. These objectives
provide no signal about consistency across queries. A model can achieve perfect relevance
scores while producing completely different rankings for equivalent queries, as long as relevant
documents appear near the top in each case.

Our contribution: We introduce the Coherence Ranking (CR) Loss for training
document retrieval models that produce consistent rankings for semantically equivalent queries
(Chapter 5). The loss combines two complementary components:

Query Embedding Alignment (QEA) encourages the model to produce similar em-
beddings for equivalent queries. By minimizing the distance between query representations,
models learn to map equivalent surface forms to similar points in embedding space, promoting
consistent downstream rankings.

Similarity Margin Consistency (SMC) directly optimizes for consistent relevance
scores across query variants. For each document, SMC encourages the model to assign similar
relevance scores regardless of which equivalent query is used, penalizing cases where the same
document receives high relevance for one phrasing but low relevance for another.

Together, these components improve coherence by up to 30% (measured by Rank-Biased
Overlap between rankings for equivalent queries) while simultaneously improving relevance
by up to 1.69% NDCG. This demonstrates that coherence and accuracy are complementary
rather than competing objectives: training for consistency provides beneficial regularization
that improves overall retrieval quality.

We also show that improved coherence increases reranking opportunity by 9.3%. When
initial rankings are more consistent, reranking models see more relevant candidates across
query variants, enabling better final performance.

1.1.4 Dataset Equivalence and Declassification

The reliability of QA evaluation depends on the integrity of benchmark datasets. However,
the widespread use of web-scraped training data has led to increasing data contamination:
benchmark questions, answers, or discussions about them appear in training corpora (Bal-
loccu et al., 2024). When this occurs, models may achieve high benchmark scores through
memorization rather than genuine question understanding, compromising our ability to assess
and compare system capabilities.

A related challenge concerns dataset privacy. Organizations developing QA systems often
create proprietary datasets reflecting their specific domains, user populations, or annotation
guidelines. Sharing these datasets could advance research but may expose sensitive content,
violate user privacy, or reveal competitive information. Current practice forces a binary choice
between complete sharing and complete secrecy.

Both problems can be addressed through dataset declassification: replacing original ques-
tions with semantically equivalent public alternatives. For privacy, organizations release the
declassified version in place of the original, enabling collaboration without exposing sensi-
tive content. For evaluation integrity, organizations release declassified versions publicly as
“shadow benchmarks” while retaining originals for authoritative assessment, ensuring that
models that memorize the public version gain no advantage on the protected original. In
both cases, the declassified data must preserve utility: training sets must yield equivalent
model performance, while test sets must additionally preserve task difficulty.

6
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Our contribution: We introduce a declassification framework that enables privacy-
preserving dataset transformation by replacing proprietary questions with semantically equiv-
alent public alternatives (Chapter 6). The framework operates in two stages: question map-
ping uses QUADRo to find equivalent public questions, while answer reconstruction uses
domain-matched corpora to generate appropriate answers for the mapped questions.

We validate the framework across multiple QA paradigms and four LLMs of varying scale.
For training set declassification, models trained on fully declassified data match baseline per-
formance: WikiQA achieves A & 0, TrecQA shows |A| < 1.2 points. For test set evaluation,
OpenBookQA declassification preserves model rankings with |A| < 0.4 points across all mod-
els.

The framework reveals important boundary conditions through experiments on SimpleQA,
a benchmark deliberately designed with obscure questions. Declassification shows +5.8 to
+12 point difficulty shifts, indicating that mapped questions are substantially easier than
originals. However, a backtranslation baseline (Gen-BT) demonstrates that this shift stems
from mapping to different questions, not from surface-level rephrasing: Gen-BT achieves
|A] < 4.1 while preserving semantic content. Stratified analysis further shows that cross-
encoder reranking is essential for difficulty preservation: in the top 1% by reranker similarity,
three of four models achieve |A| < 2.3, while bi-encoder retrieval alone fails even at highest
similarity.

We also find that domain matching is critical for answer reconstruction. When replacement
answers come from domains similar to the original dataset (Wikipedia for WikiQA, CCnews
for TrecQA), performance is maintained. Domain mismatch causes degradation regardless of
question quality.

1.2 Publications

The research presented in this thesis has resulted in the following publications, listed in
chronological order:

e QUADRo: Dataset and Models for QUestion-Answer Database Retrieval
Stefano Campese, Ivano Lauriola, and Alessandro Moschitti
Findings of the Association for Computational Linguistics (EMNLP 2023)

e Pre-Training Methods for Question Reranking
Stefano Campese, Ivano Lauriola, and Alessandro Moschitti
Proceedings of the 18th Conference of the FEuropean Chapter of the Association for
Computational Linguistics (EACL 2024)

e Analyzing and Improving Coherence of Large Language Models in Question
Answering
Ivano Lauriola, Stefano Campese, and Alessandro Moschitti
Proceedings of the 2025 Conference of the North American Chapter of the Association
for Computational Linguistics (NAACL 2025)

e Improving Document Retrieval Coherence for Semantically Equivalent Queries
Stefano Campese, Ivano Lauriola, and Alessandro Moschitti
Proceedings of the 5th Conference of the Asia-Pacific Chapter of the Association for
Computational Linguistics (AACL 2025)
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e Exploring Coherence of LLMs in Multilingual Question Answering
Stefano Campese, Ivano Lauriola
Under review GEM Workshop at ACL 2026 (GEM 2026)

e From Proprietary to Public: Dataset Declassification for Question Answer-
ing
Stefano Campese, Alessandro Moschitti, and Ivano Lauriola
Under review at Findings of the Association for Computational Linguistics (EMNLP
2026)

Additionally, during the doctoral period the candidate contributed to the following related
publications:

e Datasets for Multilingual Answer Sentence Selection
Matteo Gabburo, Stefano Campese, Federico Agostini, and Alessandro Moschitti
Findings of the Association for Computational Linguistics (EMNLP 2024)

e Domain-Specific and Cross-Lingual Synthetic Data Generation for Infor-
mation Retrieval Training in RAG Applications
Lorenzo Barbiero, Federico Agostini, Ema Baci, Federico Frigo, Manuel Vianello, Da-
vide Pozza, and Stefano Campese
Proceedings of the 11th Intelligent Systems Conference (IntelliSys 2025)
Best Student Paper Award

1.3 Thesis Structure

This thesis is structured into seven chapters. The first two chapters provide essential context
and background, while Chapters 3 through 6 present the core contributions addressing the
research gaps identified in Section 1.1.

Chapter 2: Background provides the technical foundations necessary for understanding
the contributions of this thesis, covering Question Answering paradigms, neural retrieval
methods, transformer architectures, and evaluation metrics.

Chapter 3: Question Retrieval at Scale introduces QUADRo, a comprehensive frame-
work for question retrieval operating over 6.3 million question-answer pairs, and the Question
Ranking Corpus (QRC), demonstrating the value of answer-aware retrieval with gains of 45
PQ@1 over answer-agnostic methods. This chapter is based on work published at EMNLP
2023.

Chapter 4: Specialized Pre-Training for Question Ranking introduces Ques-
tion Ranking Pre-training (QRP), a self-supervised method that improves retrieval accuracy
(+1.05% P@1) while reducing model variance by over 50%, decreasing annotation dependency.
This chapter is based on work published at EACL 2024.

Chapter 5: Question Clustering for Model Coherence extends equivalence to clus-
ters for analyzing and improving system coherence. We analyze LLM coherence gaps on
factual QA, introduce Question-Augmented Generation (q-RAG) which improves accuracy
by up to 9 points and coherence up to 28 points, extend the analysis to multilingual settings,
and propose the Coherence Ranking Loss for training retrieval models. This chapter synthe-
sizes work published at NAACL 2025 and AACL 2025, with additional contributions under
review at GEM Workshop at ACL 2026.

8
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Chapter 6: Dataset Equivalence and Declassification extends equivalence to the
dataset level, introducing a framework for privacy-preserving dataset transformation. We
demonstrate that models trained on declassified data match baseline performance (WikiQA
A = 0, TrecQA |A] < 1.2 points), and that test set declassification preserves model rankings
(OpenBookQA |A| < 0.4 points). The framework enables shadow benchmarks for evaluation
integrity, secure dataset sharing, and regulatory compliance. This chapter presents work
under review at EMNLP 2026.

Chapter 7 Conclusions summarizes the contributions of the thesis, discusses unifying
themes including the distinction between knowledge and understanding failures, acknowledges
limitations, and outlines directions for future research.
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Chapter 2

Background and Related Work

This chapter provides a comprehensive overview of the foundational concepts, methods, and
prior work that is fundamental to this thesis. We begin with an examination of Question
Answering (QA) systems, tracing their evolution from early rule-based approaches to modern
neural architectures. We then explore question understanding and semantic similarity, which
are essential for identifying equivalent questions, followed by a detailed analysis of Transformer
models and dense retrieval methods that are at the basis of efficient large-scale question-answer
matching. Given the central role of Database-based QA (DBQA) systems in this thesis, we
dedicate substantial attention to Frequently Asked Question (FAQ) retrieval architectures
and question ranking methodologies. We further examine Retrieval-Augmented Generation
(RAG), which grounds Large Language Model (LLM) outputs in retrieved evidence, and
analyze critical challenges in LLM coherence and robustness that motivate our clustering-
based approaches. We then discuss question clustering techniques and their applications.
Given the importance of dataset transformation in Chapter 6, we review privacy-preserving
approaches to Natural Language Processing (NLP) data release, including anonymization,
synthetic data generation, and benchmark contamination concerns. The chapter concludes
with evaluation metrics essential for the experimental validation in subsequent chapters.

2.1 Question Answering Systems

QA is a fundamental task in NLP that aims to automatically provide accurate answers to
questions posed in natural language. The field has evolved significantly over the past five
decades, from early rule-based systems operating on structured databases to sophisticated
neural architectures capable of reasoning over unstructured text and generating fluent re-
sponses (Farea and Emmert-Streib, 2025).

2.1.1 Historical Evolution

The history of QA systems dates back to the 1960s with pioneering systems like BASE-
BALL (Green et al., 1961) and LUNAR, (Woods, 1973), which respectively answered questions
about baseball statistics and moon rock samples. These early systems operated on structured
databases based on built-in patterns to map natural language questions to database queries.
While effective within their narrow domains, they required extensive manual effort to de-
velop and lacked the ability to generalize to new domains or deal with linguistic variation.

11
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The 1970s and 1980s saw continued development of knowledge-based QA systems, such as
SHRDLU (Winograd, 1972), which could answer questions about a blocks world by reasoning
over structured knowledge representations. These systems demonstrated advanced reasoning
capabilities but were still limited to carefully and specifically controlled environments.

The 1990s marked a paradigm shift to open-domain QA, driven mainly by the TREC
QA track (Voorhees and Tice, 1999) which provided standardized evaluation and guided sys-
tematic comparison of approaches. Systems in this era adopted an Information Retrieval
(IR) paradigm: first, retrieve relevant documents from large corpora using keyword-based
methods, then extract answers using pattern matching, named entity recognition, or shallow
parsing (Moldovan et al., 2003). With the introduction of the retrieve-then-extract approach,
systems were able to scale to open domains for the first time, though they remained heav-
ily dependent on surface-level features and still struggled with questions requiring complex
reasoning or inference.

The 2000s saw significant advances in structural approaches to question answering. Kernel
methods allowed comparison of questions and answers based on their syntactic and seman-
tic structures rather than solely on surface features. Convolution kernels over predicate-
argument structures (Moschitti, 2004) captured richer semantic relationships beyond lexical
overlap, while relational kernels (Moschitti and Zanzotto, 2007) introduced a framework for
jointly modeling question-answer relationships within a kernel representation, foreshadowing
the idea of joint modeling later adopted by neural cross-encoders. Work on structured lexical
similarity further demonstrated that tree kernels over dependency structures could effectively
capture semantic equivalence and entailment (Croce et al., 2011). Elements of these structural
approaches were incorporated at scale in IBM Watson (Ferrucci et al., 2010), which combined
multiple structural matching techniques with statistical ranking to compete with humans on
open-domain QA. The transition to neural methods began with convolutional neural networks
for answer sentence selection (Severyn and Moschitti, 2015), which learned to extract relevant
features automatically rather than relying on hand-crafted kernels.

The introduction of large-scale reading comprehension datasets, such as SQuAD (Ra-
jpurkar et al., 2016), revolutionized QA research by providing sufficient training data for
neural approaches. Models like BiDAF (Seo et al., 2017) combined recurrent neural net-
works with attention mechanisms to identify answer spans within provided passages, while
DrQA (Chen et al., 2017) demonstrated how to scale these approaches to open-domain set-
tings by combining document retrieval with neural reading comprehension. The advent of pre-
trained Transformers, such as BERT (Devlin et al., 2019b), further transformed the field, en-
abling models to achieve near-human performance on reading comprehension benchmarks (Ra-
jpurkar et al., 2016). Subsequent work introduced increasingly challenging benchmarks: (i)
requiring multi-hop reasoning across multiple documents like HotpotQA (Yang et al., 2018),
(ii) handling diverse answer types including long-form responses such as Natural Questions
(NQ) (Kwiatkowski et al., 2019; Garg et al., 2020), and (iii) maintaining coherence across
conversational exchanges like CoQA (Reddy et al., 2019a).

2.1.2 Modern QA Paradigms

Modern QA systems can be broadly categorized into several paradigms, each with distinct
architectural choices, training requirements, and application scenarios. Understanding these
paradigms is essential for positioning the contributions of this thesis within the broader land-
scape.
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Extractive QA. Extractive systems identify answer spans directly from provided pas-
sages, treating QA as a span prediction task (Rajpurkar et al., 2016; Kwiatkowski et al.,
2019). Given a question and a context passage, the model produces two probability distribu-
tions over token positions: one for the answer start and one for the answer end. The answer is
extracted as the substring between the most likely start and end positions, subject to validity
constraints (start before end, reasonable length). Transformer-based models like BERT pro-
cess question and passage as a single concatenated sequence, using special tokens to delimit
boundaries, and apply linear classification heads over the final hidden states to predict span
boundaries. While extractive QA offers interpretability through explicit source attribution
and avoids hallucination by construction, it is fundamentally limited to answers that appear
verbatim in the provided context and cannot synthesize information across multiple passages,
such as in the case of complex questions (Gabburo et al., 2024b), or generate novel phrasings.

Generative QA. Rather than extracting verbatim spans, generative QA systems produce
free-form answers by conditioning on the question and provided context. This approach treats
reading comprehension as a sequence-to-sequence task: given question and passage, generate
an appropriate answer. Early work employed encoder-decoder architectures such as T5 (Raffel
et al., 2020a) and BART (Lewis et al., 2020a), but modern decoder-only models including
GPT (Achiam et al., 2023) and Claude (Anthropic, 2024) perform this task effectively through
in-context learning, where question and passage are formatted as a prompt. Generative QA
offers flexibility that extraction cannot: answers can synthesize information from multiple
sentences, rephrase verbose content concisely, handle yes/no questions naturally, or perform
simple reasoning over the passage. However, generation can introduce the risk of hallucination,
producing fluent but unsupported content, and reduces interpretability since answers cannot
be directly traced to source spans. Generative QA with provided context differs from closed-
book QA, which is generation from parametric memory alone, and RAG which adds retrieval
to select the context as it represents the reading and answering component that these other
paradigms build upon.

Open-book QA. While the paradigms above assume a context passage is provided, open-
book or open-domain QA removes this assumption, requiring systems to find relevant infor-
mation from large corpora before answering. This retrieve-then-read approach (Chen et al.,
2017) decomposes the problem into two stages: a retriever searches millions or billions of
documents to identify potentially relevant passages, then a reader, which may be extractive
or generative, processes the retrieved content to produce an answer. The retrieval component
typically employs BM25 (Robertson and Zaragoza, 2009b) for efficiency or dense methods like
DPR (Karpukhin et al., 2020) for semantic matching. The main challenge in open-book QA is
the error propagation of the retriever-reader pipeline: if relevant documents are not retrieved,
even a perfect reader cannot produce correct answers. Recent work addresses this through
iterative retrieval, where the reader’s partial understanding guides additional retrieval rounds,
and through end-to-end training that jointly optimizes retriever and reader (Ni et al., 2019).

Closed-book QA. These systems rely entirely on knowledge encoded in model param-
eters during pre-training, answering questions without accessing external documents at in-
ference time (Roberts et al., 2020). The approach treats the language model itself as a
knowledge base, querying it through natural language prompts. Large pre-trained models
like GPT (Achiam et al., 2023), LLaMA (Touvron et al., 2023), and Mistral (Jiang et al.,
2023b) demonstrate remarkable factual recall, particularly for frequently occurring facts in
pre-training data. However, closed-book QA faces fundamental limitations: knowledge cur-
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rency degrades as real-world information changes after training cutoffs. Additionally, models
may hallucinate plausible but incorrect information with high confidence; there is no mech-
anism for source attribution or verification; and performance correlates strongly with fact
frequency in training data, disadvantaging rare or specialized knowledge. These limitations
motivate retrieval augmentation approaches that ground generation in external evidence.

Knowledge Base QA (KBQA). KBQA systems answer questions by querying structured
knowledge bases such as Freebase or Wikidata (Berant et al., 2013; Yih et al., 2015). The
core challenge is semantic parsing: converting natural language questions into formal query
languages like SPARQL that can be executed against the knowledge graph. This requires: (i)
mapping natural language expressions to entities, known as entity linking, (ii) identifying the
relations being queried, which are the relation detection, and (iii) composing these into valid
graph queries that respect the schema. Neural approaches learn to generate query graphs
or logical forms directly from question text, while retrieval-based methods identify candidate
subgraphs and rank them (Bordes et al., 2014; Yih et al., 2015). KBQA offers precise answers
grounded in curated, structured facts with clear provenance, but is inherently limited to
information explicitly represented in the knowledge base and struggles with questions requiring
inference, aggregation, or common-sense reasoning beyond the graph structure.

Conversational QA. These systems answer questions within multi-turn dialogues. The
main challenge in this approach is maintaining conversation history and resolving dependencies
across different turns of the conversation (Choi et al., 2018; Reddy et al., 2019b). Differently
from single-turn QA where each question is self-contained, conversational questions build
on previous turns. Consider a dialogue about Marie Curie: after answering “ When was she
born?” with “1867,” a follow-up “And where?” requires recognizing that “where” refers to her
birthplace and that “she” still denotes Marie Curie. Such questions involve coreference (e.g.,
“she,” “her husband”), ellipsis, where key elements of the question, such as the subject or
predicate, are omitted because they are recoverable from prior context (e.g., “And in 1990%”
implicitly meaning “ What happened to her in 19907”), as well as topic shifts that require
discourse tracking. Models must therefore maintain representations of the dialogue history
through concatenation, hierarchical attention, or explicit memory mechanisms. Due to the
sequential nature of conversational QA also introduces evaluation challenges: an incorrect
answer early in a conversation can propagate errors to the end of the conversation.

2.1.3 Answer Sentence Selection

The reading component in open-book QA must identify relevant content from retrieved candi-
dates, a capability studied extensively as a standalone task. Answer Sentence Selection (AS2)
is a ranking problem: given a question ¢ and candidate set C' = {c1,co,...,cn}, the sys-
tem must rank answer-bearing candidates above non-answers (Wang et al., 2007; Yang et al.,
2015). Unlike extractive QA which locates precise spans within a given passage, AS2 operates
over discrete candidate units and produces a ranking rather than an extraction. Formally,
AS2 models learn a scoring function s(q, ¢) that assigns higher scores to relevant candidates.
The training objectives include pointwise cross-entropy, pairwise margin losses, and listwise
ranking losses, with evaluation using Mean Average Precision (MAP), Mean Reciprocal Rank
(MRR), and Precision@K (PQK) (Moschitti, 2006; Severyn and Moschitti, 2015). This for-
mulation naturally fits many real-world scenarios including selecting relevant passages from
search results, identifying answer-bearing sentences in documents, and ranking pre-computed
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Figure 2.1: Cross-encoder architecture for Answer Sentence Selection. Each question-candidate pair
(g, ¢i) is concatenated and jointly encoded by a shared Transformer, producing relevance scores s; used
to rank candidates.

responses in FAQ systems.

Early AS2 systems relied on feature engineering combining lexical overlap, syntactic struc-
ture, and semantic similarity. Tree kernel methods proved particularly effective by measur-
ing similarity through structural matching over parse trees (Moschitti, 2006; Severyn and
Moschitti, 2013), capturing that “ Who invented the telephone?” matches “Bell invented...”
through structural correspondence rather than lexical overlap. Deep learning transformed the
field by enabling end-to-end learning: convolutional architectures captured local patterns (Sev-
eryn and Moschitti, 2015), attention mechanisms focused on relevant candidate portions (Tan
et al., 2016), and Siamese (Karpukhin et al., 2020) networks projected questions and candi-
dates into shared embedding spaces.

Pre-trained Transformers brought substantial improvements. Cross-encoders jointly en-
code question-candidate pairs through self-attention, achieving high accuracy but requiring
O(n) forward passes for n candidates (Garg et al., 2019). Bi-encoders address efficiency by
independently encoding questions and candidates into fixed embeddings, enabling candidate
pre-computation and sub-linear retrieval (Reimers and Gurevych, 2019a). This accuracy-
efficiency trade-off motivates two-stage pipelines where bi-encoders retrieve top-k candidates
efficiently, then cross-encoders rerank this smaller set accurately. The contextual exten-
sion of the AS2 task demonstrates that incorporating surrounding sentences from the source
document significantly improves ranking, particularly for candidates requiring coreference
resolution (Lauriola and Moschitti, 2021a,b).

AS2 architectures, visible in Figure 2.1, directly inform the question ranking approaches in
this thesis. Question ranking in DBQA (Chapter 3) shares the retrieve-then-rerank structure,
and the pre-training methodology in Chapter 4 extends ideas from AS2 to question-question
similarity. The key difference is that while AS2 ranks answer candidates given a question,
question ranking evaluates similarity between questions themselves, but the architectural
patterns and efficiency considerations transfer directly.

2.1.4 Database-based QA and FAQ Systems

Database-based Question Answering (DBQA) retrieves answers from pre-computed collections
of question-answer pairs rather than generating them from scratch or extracting them from
documents as depicted in Figure 2.2. The main idea is that many user questions have been
asked before, possibly in different formulations. In this scenario, by finding a semantically
equivalent question in the database, systems can return its associated answer directly. This
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Figure 2.2: Database-based QA: a user query is matched against stored question-answer pairs, and
the answer from the most similar entry is returned.

paradigm offers different advantages: guaranteed factual answers from curated sources, low
inference latency, easy knowledge updates by modifying the database, and transparent source
attribution.

Frequently Asked Questions (FAQ) systems represent the earliest implementations of this
paradigm (Burke et al., 1997). Traditional FAQ retrieval relied on keyword matching and
similarity heuristics (Sneiders, 2002), approaches that struggled with linguistic variability
when users phrased questions differently from stored entries. Modern systems leverage neural
retrieval models that encode queries and stored questions into dense vector representations,
enabling semantic matching that transcends lexical overlap (Sakata et al., 2019; Mass et al.,
2020). This evolution from lexical to semantic matching dramatically improved robustness to
paraphrase and linguistic variation.

Question Similarity. A foundational capability for DBQA is recognizing when two ques-
tions are semantically equivalent, enabling retrieval of stored answers for questions phrased
differently from database entries. This task, known as Duplicate Question Detection (DQD),
has evolved from lexical and syntactic approaches through neural embeddings to Transformer-
based methods (see Section 2.2 for detailed background). The progression from keyword
matching to semantic representations dramatically improved robustness to paraphrase and
linguistic variation.

Scaling to Large Databases. While FAQ systems typically contain hundreds or thou-
sands of curated entries, modern DBQA systems query automatically constructed databases
containing millions of QA pairs extracted or generated from text corpora (Lewis et al., 2021).
This scale enables broader coverage but introduces challenges in retrieval efficiency, ranking
accuracy, and quality control.

A basic DBQA pipeline consists of two stages. The retrieval stage uses sparse methods
like BM25 or dense bi-encoders to find the top-k£ most similar questions in the database.
Traditional approaches encode only questions, computing similarity between the user query
and stored questions without considering answers. The ranking stage optionally reranks re-
trieved candidates using more expensive models, typically cross-encoders that jointly encode
query-question pairs.

Early work on DBQA for forums and FAQ systems (Nakov et al., 2016a; Shen et al.,
2017; Hoogeveen et al., 2015) pointed out that when answers are available together with
questions, the resulting systems can be very accurate. However, most practical applications
were confined to domain-specific settings with limited q/a pair availability. Othman et al.
(2019) introduced WEKOS for FAQ retrieval using k-means clustering and word embeddings.
After the rise of Transformers, Mass et al. (2020) proposed ensemble systems combining
BM25 with BERT, also exploring GPT-2 for generating question paraphrases to augment
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low-resource FAQ datasets. Sakata et al. (2019) combined BERT with TSUBAKI, an efficient
BM25-based retrieval architecture, to retrieve similar questions from FAQ databases. More
recently, Lewis et al. (2021) assembled PAQ, a database of 65 million automatically generated
QA pairs, demonstrating that DBQA pipelines (RePAQ) can achieve competitive accuracy
with substantially lower latency than generative approaches. However, PAQ contains con-
siderable noise (estimated 18% incorrect pairs) and relies on generated questions that can
be unnatural. Seonwoo et al. (2022) proposed two-step retrieval combining BM25 and DPR
for improved efficiency, though these systems still rely solely on question similarity without
leveraging answers.

The Role of Answers in Retrieval. Although early work noted the potential benefit
of answers, their systematic utilization remained poorly explored in DBQA applications. A
critical insight is that answers provide essential context for determining question equiva-
lence (Wang et al., 2020b). For instance, “Can a cat and a dog get along?” and “Do cats like
the company of dogs?” appear lexically different, but their shared answer confirms they ask
the same thing. Chapter 3 addresses this gap by demonstrating that incorporating answers
during both retrieval and ranking substantially improves accuracy (Campese et al., 2023).
The approach encodes question-answer pairs jointly in the retriever ([CLS] ¢; [SEP] a; [EQ0S])
rather than questions alone, and includes answers in the reranker input as disambiguating
context.

Existing Resources and Limitations. Several datasets have been developed for ques-
tion similarity and DBQA. QuoraQP contains 404290 question pairs annotated for semantic
equivalence, though without answers for most pairs; Wang et al. (2020b) released an extension
with answers extracted from Quora threads. CQADupStack (Hoogeveen et al., 2015) provides
questions from twelve StackExchange subforums with duplicate annotations, but contains only
~5% duplicates and limited answer coverage. WikiAnswers clusters over 30 million questions
into paraphrase groups with an average of 25 questions per cluster, but associated answers are
long paragraphs unsuitable for DBQA. SemEval-2016 Task 3 (Nakov et al., 2016a) introduced
community QA annotations for question-comment and question-question similarity, but is
limited in scale and domain-specific.

These resources share common limitations: most do not include answers, quality guaran-
tees are lacking, and they are structured as question pairs rather than question ranking sce-
narios. This prevents studying and training the full retrieval-reranking pipeline essential for
DBQA. To address these gaps, Chapter 3 introduces the Question Ranking Corpus (QRC),
comprising 15211 queries each paired with 30 candidate QA pairs annotated for semantic
equivalence. Crucially, annotators were shown answers during annotation, reducing annota-
tion error by 45% compared to question-only annotation. The resulting 443000 annotated
examples enable systematic study of retrieval and ranking for DBQA.

Advantages and Limitations. DBQA offers several advantages as a QA paradigm. For
example, compared to generative approaches, it provides guaranteed factual answers from
curated databases, eliminating hallucination by construction and enabling transparent source
attribution. In similar way, compared to retrieval-augmented generation, it offers lower infer-
ence latency since answers are returned directly rather than generated, with retrieval typically
completing in tens of milliseconds even for databases containing millions of entries. Knowl-
edge can be updated by modifying the database without model retraining. However, DBQA
systems face inherent limitations: they cannot answer questions outside database coverage,
they require robust semantic matching to handle question phrasing variations, and databases
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may become outdated if not regularly maintained. The coverage limitation is fundamental,
as even databases containing millions of pairs cannot cover the long tail of possible questions.

2.1.5 Retrieval-Augmented Generation

Large language models (LLMs) can answer questions directly from their parametric memory,
but this closed-book approach faces significant limitations: knowledge becomes outdated as
the world changes after training, models may hallucinate plausible but incorrect information
with high confidence, and generated answers lack verifiable source attribution (Schimanski
et al., 2024). These limitations are particularly problematic for applications requiring factual
accuracy and accountability.

Retrieval-Augmented Generation (RAG) (Lewis et al., 2020b) addresses these limitations
by augmenting language models with external knowledge retrieved at inference time. Rather
than relying solely on parametric memory, RAG systems first retrieve relevant documents from
a knowledge corpus, then condition generation on both the question and retrieved context.
However, the original RAG system had notable limitations: it relied on a Wikipedia passage
index with DPR retrieval, used no reranking stage, and was primarily evaluated on factoid
QA where generation reduces to entity prediction, making the system less sensitive to retrieval
noise.

The basic RAG pipeline, visible in Figure 2.3, operates in two stages. Given a question, the
retriever identifies relevant passages from a document corpus using dense or sparse retrieval
methods. These passages are then concatenated with the question and provided as context
to a language model, which generates an answer grounded in the retrieved evidence. The
retriever and generator can be trained jointly or separately, with various architectural choices
affecting the trade-off between efficiency and accuracy.

-+ passages

Query Generator

Document
Corpus

Figure 2.3: Retrieval-Augmented Generation: a query retrieves relevant passages from a document
corpus, then both query and passages are provided to a generator that produces the answer.

Several influential RAG variants have emerged to address different aspects of the retrieve-
generate pipeline. Fusion-in-Decoder (FiD) (Izacard and Grave, 2021) independently encodes
each retrieved passage with the question, then fuses representations in the decoder, enabling
efficient scaling to many documents; however, it still lacked reranking and focused on factoid
QA. Re2G (Glass et al., 2022) introduced cross-encoder reranking to reduce noise in retrieved
passages, achieving significant improvements, though still primarily in factoid settings.

The first RAG system to address non-factoid QA with a complete industrial pipeline was
GenQA (Hsu et al., 2021), which combined a real web-scale search engine (approximately 10
billion documents) with state-of-the-art passage and sentence rerankers, enabling generation of
long-form answers rather than simple entity extraction. This demonstrated that high-quality
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retrieval and reranking are essential for RAG systems generating complex answers. Subsequent
work explored training strategies for RAG: Gabburo et al. (Gabburo et al., 2022) showed that
reranker scores can supervise generator training through knowledge distillation, conceptually
similar to RLHF approaches, while follow-up work (Gabburo et al., 2023) introduced reward
functions based on automatic QA evaluators for more sophisticated training signals.

REALM (Guu et al., 2020) integrates retrieval directly into pre-training, learning to re-
trieve documents that improve masked language modeling performance. RETRO (Borgeaud
et al., 2022) augments language model pre-training with retrieval at the chunk level, retrieving
relevant text chunks for each segment of the input. Atlas (Izacard et al., 2023) fine-tunes both
retriever and generator end-to-end with careful attention to training stability.

Modern RAG systems have evolved beyond simple document retrieval to address in-
creasingly sophisticated scenarios. Graph-enhanced RAG leverages structured knowledge
graphs alongside unstructured text. Temporal-aware retrieval handles time-sensitive queries
by weighting document recency (Chen et al., 2025). Adaptive query augmentation reformu-
lates or expands queries to improve retrieval quality. Multi-modal RAG extends to images,
tables, and other non-textual content. These advances reflect the growing importance of RAG
as a paradigm for building reliable, knowledge-grounded Al systems.

2.2 Question Understanding and Semantic Similar-
ity

Question understanding is the foundation of effective QA systems. A system that cannot

recognize when two questions seek the same information will fail to retrieve relevant answers,

will exhibit inconsistent behavior across phrasings, and will be vulnerable to minor surface

variations. This section explores how questions are represented computationally, how semantic
equivalence is defined, and the tasks designed to evaluate question similarity.

2.2.1 Question Representation

The representation of questions has evolved in parallel with broader developments in natural
language processing, moving from manually designed features to distributed word embeddings
and, more recently, to contextualized neural representations.

Early approaches relied on manually engineered features capturing different aspects of
question structure and content. Lexical features included word overlap counts, n-gram matches,
and TF-IDF weighted similarity. Syntactic features captured structural properties through
part-of-speech tags, dependency parse trees, and constituency structures. Semantic features
incorporated external knowledge through WordNet synonym expansion, named entity types,
and question classification taxonomies (Zhang and Lee, 2010; Heilman and Smith, 2010; Mos-
chitti, 2006). While interpretable, these handcrafted features required substantial engineering
effort and often failed to capture subtle semantic relationships.

The introduction of distributed word representations marked a significant advance. Word2Vec
(Mikolov et al., 2013) and GloVe (Pennington et al., 2014) learned dense vector embeddings
where semantically similar words occupy nearby regions of the embedding space. Questions
could be represented by aggregating word embeddings through averaging, weighted pooling,
or recurrent encoding. However, these static embeddings assign the same vector to a word
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regardless of context, conflating distinct senses (“bank” as financial institution versus river-
bank). Contextualized embeddings from ELMo (Peters et al., 2018) addressed this limitation
by computing word representations as a function of the entire input sequence, capturing
context-dependent meaning.

The introduction of Transformer architectures (Vaswani et al., 2017) and large-scale pre-
training fundamentally reshaped question encoding. Models such as BERT (Devlin et al.,
2019b) provide deep contextualized representations that capture rich interactions between all
tokens in a sequence. These representations enable nuanced modeling of lexical, syntactic,
and semantic cues that are difficult to capture with shallower approaches.

Two main architectural patterns emerged for computing question similarity from Trans-
former representations. Bi-encoders independently encode each question into a fixed-dimensional
embedding, then compute similarity through cosine distance or dot product. Sentence-BERT
(Reimers and Gurevych, 2019a) demonstrated that Transformer-based bi-encoders trained on
natural language inference and semantic textual similarity data produce high-quality sentence
embeddings. The key advantage of bi-encoders is efficiency: question embeddings can be pre-
computed and indexed, enabling sub-linear retrieval through approximate nearest neighbor
search. However, independent encoding prevents modeling of fine-grained token-level interac-
tions between questions.

Cross-encoders process two questions jointly by concatenating them into a single sequence
separated by a special token. The Transformer’s self-attention mechanism then models token-
level interactions across both questions (Peinelt et al., 2020). This joint encoding captures
fine-grained lexical relationships that bi-encoders miss. For example, recognizing that “au-
thor” in one question aligns with “wrote” in another. In this case, Cross-encoders typically
achieve higher accuracy than bi-encoders but are computationally expensive: similarity must
be computed at inference time for each candidate pair, precluding pre-computation.

Modern systems adopt a hybrid approach that combines the efficiency of bi-encoders with
the accuracy of cross-encoders (Nogueira and Cho, 2019). Bi-encoders perform fast first-stage
retrieval over millions of candidates, returning a manageable set of top-k results. Cross-
encoders then rerank these candidates with full attention over query-candidate pairs, achieving
high accuracy where it matters most.

2.2.2 Semantic Equivalence

Defining when two questions are semantically equivalent is non-trivial. The definition adopted
in this thesis requires two jointly necessary conditions: two questions are equivalent iff they
(i) express the same information-seeking intent, and (ii) accept the same set of correct an-
swers. Neither condition alone is sufficient. The first captures the underlying semantic goal
of the question; the second provides an operationally verifiable grounding criterion that helps
annotators resolve ambiguous cases. For instance, “ How tall is Mount Everest?” and “ What
is the height of the world’s highest mountain?” satisfy both: they express the same intent
and accept identical answers.

This dual requirement addresses edge cases that either condition alone would miss. Ques-
tions may coincidentally share answers without expressing the same information need. For
example, “ When was Shakespeare born?” and “ When was Galileo born?” both have “1564”
as a correct answer, but they are clearly not equivalent: they ask about different entities and
different events. This case is especially common when answers have low cardinality (dates,
numbers, common named entities). More subtly, “ Who is the current president?” and “ Who
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won the last election?” might share an answer at a given point in time but express structurally
different information needs, one about a political office and the other about an electoral out-
come, failing condition (i). In the opposite direction, questions with seemingly identical intent
may require different answers depending on context: “How old is he?” could refer to any male
entity. Accounting for context is essential during annotation and evaluation, particularly for
conversational QA where questions depend on dialogue history (Choi et al., 2018; Reddy et al.,
2019b).

The intent condition (i) thus ensures that equivalence reflects genuine semantic related-
ness rather than accidental answer coincidence, while the answer condition (ii) grounds the
definition in observable, task-relevant behavior. In annotation practice, both conditions are
enforced jointly: annotators in the Question Ranking Corpus (Chapter 3) were shown both
questions and answers, enabling them to verify that candidates express the same intent and
accept the same answers. Chapter 3 introduces a formal operationalization (Definition 3.1.1)
that captures both conditions for the specific requirements of database-based question an-
swering.

While the use of answers as a signal for question similarity has been explored in prior
work, Match? (Wang et al., 2020b) compares matching patterns of two questions over the
same answer, and WikiAnswers (Fader et al., 2013) groups questions by shared answers into
paraphrase clusters, these approaches treat answer overlap as a feature for similarity models
rather than as a component of a formal equivalence definition. The dual formulation adopted
here, requiring both intent equivalence and answer set identity, makes explicit the conditions
under which answer-based similarity judgments are valid, and identifies the failure cases where
answer overlap alone is insufficient.

2.2.3 Duplicate Question Detection

Duplicate Question Detection (DQD) is the task of identifying whether two questions are
semantically equivalent. As discussed in Section 2.1.4, this capability is fundamental for
DBQA, FAQ systems, and Community Question Answering platforms: recognizing that a
user’s query matches a stored question enables retrieving pre-computed answers despite lexical
variation.

Traditional approaches to DQD relied on lexical matching methods including TF-IDF
similarity and BM25, topic modeling approaches that cluster questions by latent themes (Cai
et al., 2011; Ji et al., 2012), and syntactic features captured through tree kernels operating on
parse structures (Moschitti, 2006). Shared evaluation benchmarks, particularly SemEval Task
3 on Community Question Answering (Nakov et al., 2016a), catalyzed systematic comparison
and drove methodological advances.

Neural approaches brought substantial improvements to DQD. Convolutional and recur-
rent neural networks were among the first architectures applied (Lei et al., 2016; Hochreiter
and Schmidhuber, 1997). Siamese networks with shared weights proved particularly effective,
encoding both questions with identical networks and comparing their representations (Mueller
and Thyagarajan, 2016). The Match-LSTM architecture (Wang and Jiang, 2016a,b) incor-
porated attention mechanisms to model fine-grained interactions between question tokens,
identifying which parts of one question align with which parts of another.

Transformer-based methods significantly improved DQD performance. Sentence-BERT
(SBERT) (Reimers and Gurevych, 2019a) introduced a Siamese architecture using BERT
encoders trained on natural language inference and semantic textual similarity data, producing
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embeddings well-suited for efficient similarity computation. tBERT (Peinelt et al., 2020)
augmented BERT with topic model information to capture domain-specific patterns beyond
what pre-training provides. Match? (Wang et al., 2020b) proposed a matching-over-matching
approach that leverages answers as a bridge between questions: if two questions share similar
answers, they are likely equivalent even if their surface forms differ substantially.

2.3 Transformer Models and Pre-training

The Transformer architecture (Vaswani et al., 2017) marked a paradigm shift in NLP, en-
abling unprecedented advances in language understanding and generation. Combined with
large-scale pre-training on massive text corpora, Transformer-based models have become the
foundation for virtually all state-of-the-art NLP systems.

2.3.1 The Transformer Architecture

The Transformer departs fundamentally from previous sequence models by replacing recur-
rent and convolutional operations with self-attention mechanisms. This design choice enables
fully parallel computation across sequence positions and effective modeling of long-range de-
pendencies without the vanishing gradient problems that plague recurrent networks.

The core innovation is scaled dot-product attention, which computes relevance-weighted
combinations of value vectors:

Attention(Q, K, V') = softma <QKT> Vv
ntion(Q, K, V') = softmax
e

where @ (queries), K (keys), and V (values) are linear projections of input embeddings.
Each position attends to all other positions, with attention weights determined by query-key
compatibility. The scaling factor /dj, prevents dot products from growing large in magnitude,
which would push softmax into regions with small gradients.

Multi-head attention extends this mechanism by running h parallel attention operations
with different learned projections:

MultiHead(Q, K, V) = Concat(heady, ..., head,) W

Different heads can learn to attend to different types of relationships, including, syntactic
dependencies, semantic associations, and positional patterns, providing thus a richer represen-
tational capacity than single-head attention. Figure 2.4, illustrates both single and multihead
attention.

Three main architectural patterns emerged from the original Transformer design. Encoder-
only models like BERT use bidirectional self-attention, where each position attends to all
positions in the sequence. This is natural for classification and embedding tasks where the
full input is available. Decoder-only models like GPT (Radford et al., 2018) use causal (left-to-
right) attention, where each position attends only to previous positions. This autoregressive
structure enables generation by predicting one token at a time. Encoder-decoder models like
T5 (Raffel et al., 2020b) and BART (Lewis et al., 2020a) combine bidirectional encoding of
the input with autoregressive decoding of the output, suitable for sequence-to-sequence tasks
like translation and summarization.
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Figure 2.4: The figure illustrates the Scaled Dot-Product Attention mechanism (left) and its Multi-
Head Attention extension (right), as introduced in the Transformer architecture.

2.3.2 Pre-training Objectives

Pre-training on large unlabeled corpora enables models to acquire broad linguistic knowledge
before task-specific fine-tuning. The choice of pre-training objective significantly impacts
what knowledge models acquire and how well they transfer to downstream tasks. Pre-training
objectives have evolved from token-level prediction tasks through sentence-level objectives to
task-specific approaches designed for particular applications.

Masked Language Modeling (MLM). Introduced by BERT (Devlin et al., 2019b), MLM
randomly masks approximately 15% of input tokens and trains the model to reconstruct
them using bidirectional context. The model must leverage both left and right context to
predict masked tokens, encouraging rich contextual representations. Variants include whole
word masking (masking all tokens of a word together), entity masking (preferentially mask-
ing named entities), and span masking (masking contiguous spans rather than individual
tokens) (Joshi et al., 2020). MLM produces strong general-purpose representations but pro-
vides learning signal only for masked positions.

Causal Language Modeling (CLM). Used by the GPT family (Radford et al., 2018),
CLM trains models to predict the next token autoregressively given all previous tokens. This
objective aligns naturally with text generation and enables zero-shot and few-shot learning
by conditioning on task descriptions and examples. Scaling CLM to massive model sizes has
proven remarkably effective, with emergent capabilities arising at scale that are absent in
smaller models (Wei et al., 2022b). The autoregressive nature means models see only left
context when making predictions, potentially limiting bidirectional understanding.

Replaced Token Detection (RTD). ELECTRA (Clark et al., 2020) introduced a generator-
discriminator setup for more efficient pre-training. A small generator network proposes re-
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placement tokens for masked positions, and a discriminator network learns to identify which
tokens have been replaced. Unlike MLM where only masked positions provide learning signal,
RTD provides signal for all positions, substantially improving compute efficiency. Related ap-
proaches include Random Token Swap (RTS) (Di Liello et al., 2022b), which perturbs input
sequences to create self-supervised signals without requiring a separate generator.

Contrastive Learning. Methods like SimCSE (Gao et al., 2021) and DeCLUTR (Giorgi
et al., 2021) learn sentence representations by contrasting semantically similar pairs with
dissimilar ones. SimCSE uses dropout as minimal augmentation: passing the same sentence
through the encoder twice with different dropout masks produces two similar representations
that serve as positive pairs, while other sentences in the batch serve as negatives. DeCLUTR
samples spans from the same document as positive pairs, leveraging document coherence as
a supervision signal. These approaches produce representations particularly well-suited for
semantic similarity and retrieval tasks.

Sentence-level Objectives. Beyond token-level tasks, several objectives target sentence-
level understanding. Next Sentence Prediction (NSP), introduced with BERT, trains models
to predict whether two sentences are consecutive in the original document. However, subse-
quent work showed that NSP provides limited benefit and may even hurt performance, leading
to its removal in models like RoOBERTa (Liu et al., 2019). More effective sentence-level ob-
jectives focus on semantic similarity or in emulating the final task, rather than discourse
coherence.

2.3.3 Task-oriented Pre-training

While general pre-training objectives capture broad linguistic knowledge, they may not opti-
mally prepare models for specific downstream tasks. Task-oriented pre-training designs ob-
jectives that more closely mimic the structure of target tasks, potentially improving transfer
efficiency and final performance.

For answer sentence selection, Di Liello et al. (2022a,c) proposed pre-training objectives
based on predicting whether sentences belong to the same paragraph. This simulates the
structure of AS2 tasks where models must identify relevant answer sentences among candi-
dates from the same document. The paragraph structure provides natural positive pairs,
that are sentences from the same paragraph, and negatives that are sentences from different
paragraphs, without manual annotation.

Despite advances in task-oriented pre-training, a gap remained for question ranking specifi-
cally. Token-level objectives like MLM and RTD do not explicitly model relationships between
complete questions. Sentence-level objectives like NSP and contrastive learning focus on dis-
course coherence or general semantic similarity rather than the specific notion of question
equivalence. Answer-oriented methods address question-answer matching but not question-
question similarity.

Chapter 4 addresses this gap by introducing Question Ranking Pre-training (QRP), a novel
objective specifically targeting question ranking through self-supervised corruption detection
over retrieved candidate sets.

2.3.4 Notable Pre-trained Models

The landscape of pre-trained models has expanded rapidly, with different architectures suited
to different applications.
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Among encoder-only models, BERT (Devlin et al., 2019b) pioneered bidirectional pre-
training via MLM and remains widely used. RoBERTa (Liu et al., 2019) improved upon BERT
through longer training, larger batches, and removal of NSP. ELECTRA (Clark et al., 2020)
achieved strong performance with greater compute efficiency through RTD task. DeBERTa
(He et al., 2021) introduced disentangled attention mechanisms that separately model content
and position, achieving state-of-the-art results on many benchmarks. MPNet (Song et al.,
2020) combined masked and permuted language modeling to capture both token dependencies
and positional information. For efficient deployment, MiniLM (Wang et al., 2020a) applied
deep self-attention distillation to compress large models while preserving quality, making it
popular for sentence embeddings. More recently, ModernBERT (Warner et al., 2024) revisited
the encoder architecture incorporating advances from decoder-only models, such as the flash
attention (Dao et al., 2022), achieving improved efficiency and performance.

Decoder-only models have scaled dramatically in recent years. The GPT family (Radford
et al., 2018; Brown et al., 2020) demonstrated the power of scaling causal language modeling,
with GPT-3’s 175 billion parameters enabling impressive few-shot learning. LLaMA (Touvron
et al., 2023) provided high-quality open-weight models that democratized access to large-scale
language modeling. Mistral (Jiang et al., 2023a) introduced efficient architectural innovations
including grouped-query attention that reduce memory requirements while maintaining qual-
ity. The Qwen family (Bai et al., 2023) from Alibaba achieved competitive performance across
diverse tasks with models ranging from 0.5B to 72B parameters. Microsoft’s Phi series (Abdin
et al., 2024a) demonstrated that smaller models trained on high-quality data can match larger
models on many benchmarks, with Phi-3 and Phi-4 offering strong reasoning capabilities at
reduced computational cost.

Mixture-of-Experts (MoE) architectures offer an alternative scaling paradigm that in-
creases model capacity without proportionally increasing computational cost (Shazeer et al.,
2017). Rather than activating all parameters for every input, MoE models route each token to
a subset of specialized “expert” networks. Mixtral-8x7B (Jiang et al., 2024) exemplifies this
approach: despite having 56 billion total parameters across eight experts, it activates only 13
billion parameters per forward pass by routing each token to two experts. This sparse activa-
tion enables the model to maintain the quality of much larger dense models while achieving
inference efficiency comparable to smaller ones. The routing mechanism learns which experts
specialize in different types of inputs, effectively creating an ensemble that dynamically adapts
to each example.

Multilingual and cross-lingual models extend language understanding across linguistic
boundaries. mBERT (Devlin et al., 2019b) demonstrated that multilingual pre-training on 104
languages produces representations that transfer across languages, enabling zero-shot cross-
lingual transfer. XLM-RoBERTa (Conneau et al., 2020) scaled this approach with larger data
and improved training. For sentence embeddings specifically, LaBSE (Language-agnostic
BERT Sentence Embedding) (Feng et al., 2022) produces embeddings that are directly com-
parable across 109 languages, trained with a translation ranking task that aligns representa-
tions of parallel sentences. This cross-lingual alignment makes LaBSE particularly suitable for
multilingual semantic similarity and coherence evaluation where embeddings from different
languages must be compared directly.

Encoder-decoder models excel at sequence-to-sequence tasks. T5 (Raffel et al., 2020a) uni-
fied diverse NLP tasks under a text-to-text framework, treating everything from classification
to translation as text generation. BART (Lewis et al., 2020a) combined bidirectional encod-
ing with autoregressive decoding, pre-trained as a denoising autoencoder. Flan-T5 (Chung
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et al., 2022) applied instruction tuning to T5, substantially improving zero-shot and few-shot
performance through training on diverse prompted tasks.

2.3.5 LLM Alignment and Preference Learning

Pre-training produces models with broad linguistic capabilities, but these models may generate
harmful, unhelpful, or inconsistent outputs. Alignment refers to the process of adjusting model
behavior to better match human intentions and preferences (Ouyang et al., 2022). This post-
training phase has become essential for deploying LLMs in real-world applications, and the
techniques developed for alignment can be repurposed for other objectives such as improving
model coherence.

Supervised Fine-Tuning (SFT) is the simplest alignment approach fine-tunes a pre-trained
model on demonstrations of desired behavior. Given a dataset of (instruction, response) pairs
D = {(zi,v:)}, SFT maximizes the likelihood of target responses:

Lopr =— Y logpy(ylz) (2.1)
(z,y)eD

Instruction tuning (Wei et al., 2022a; Chung et al., 2022) applies SFT to diverse prompted
tasks, substantially improving zero-shot and few-shot generalization. The quality and di-
versity of demonstration data critically affects outcomes: models trained on high-quality
demonstrations exhibit better instruction-following capabilities. While SFT is effective and
straightforward, it requires curated examples of ideal behavior which can be expensive to
collect, and it optimizes for imitation rather than explicitly for human preferences.
Reinforcement Learning from Human Feedback (RLHF) (Ouyang et al., 2022; Stiennon
et al., 2020) optimizes models directly for human preferences through a multi-stage process.
First, human annotators compare model outputs and indicate which they prefer. These com-
parisons train a reward model rg(x,y) that predicts human preference scores. The language
model is then fine-tuned using reinforcement learning (typically Proximal Policy Optimiza-
tion, PPO) to maximize expected reward while staying close to the original model through a
KL penalty:
Lrrur = Eonp yrm, [ro(z,y) — BKL(mo(y|2)||meer(yl2))] (2.2)

RLHF has proven effective for improving helpfulness and reducing harmful outputs, but the
multi-stage pipeline is complex: training a separate reward model, then using RL optimization
which can be unstable and sample-inefficient.

Direct Preference Optimization (DPO) (Rafailov et al., 2023) offers a simpler alternative
that directly optimizes the policy to satisfy preferences without learning an explicit reward
model. Given preference pairs (x, Y., y;) where v, is preferred over y;, DPO derives a closed-
form loss from the RLHF objective:

o (Yw|2) mo (1] )
_ I log FO\YwlT) 510, TOHIT) 2.
Lppro (,yw,y1) [oga (5 o8 Tref (Yw|T) Plog Tref (Y1] %) %)

where ¢ is the sigmoid function, 7y is the policy being optimized, m.¢ is a reference policy
(typically the SFT model), and 3 controls the strength of the KL constraint. Intuitively, DPO
increases the relative probability of preferred responses while decreasing that of dispreferred
ones, with the reference model preventing excessive deviation. DPO achieves comparable re-
sults to RLHF with substantially simpler implementation: it requires only supervised learning
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on preference pairs, avoiding the complexity of reward model training and RL optimization.
This simplicity makes DPO particularly attractive for applications beyond traditional align-
ment, such as optimizing for coherence across equivalent inputs (Chapter 5).

2.4 From Sparse to Dense Retrieval

Information retrieval has undergone fundamental transformation with neural methods. Tra-
ditional approaches represented documents and queries as sparse, high-dimensional vectors
based on term frequencies. Dense retrieval instead represents texts as continuous, low-
dimensional vectors learned by neural networks, enabling semantic similarity matching that
transcends exact term overlap.

2.4.1 Sparse Retrieval Methods

Traditional retrieval systems relied on sparse lexical representations where each dimension cor-
responds to a vocabulary term. BM25 (Robertson and Zaragoza, 2009b), the most successful
sparse method, computes relevance through a probabilistic ranking function incorporating
term frequency saturation and document length normalization:

TF(t,d) - (ky + 1)
BM25(q,d) = > IDF(t) -
(.4 ; W TF(t,d)+k1~<1—b+b- 14 )

avgdl

Despite its simplicity, BM25 remains remarkably competitive on many retrieval benchmarks
and powers production search systems worldwide. Its efficiency stems from inverted index
structures that enable sub-linear retrieval complexity.

However, sparse methods suffer from the vocabulary mismatch problem: queries and rele-
vant documents may express the same concepts using entirely different words. A query asking
about “car prices” may fail to retrieve a relevant document discussing “automobile costs” be-
cause there is no lexical overlap despite clear semantic relevance. Query expansion techniques
partially address this by adding related terms, but they introduce noise and cannot fully
bridge semantic gaps.

Dense retrieval addresses vocabulary mismatch by learning continuous representations
where semantically similar texts occupy nearby regions of embedding space. A query about
“car prices” and a document about “automobile costs” can have high similarity if the encoder
learns that these phrases express related concepts. This semantic matching capability is the
primary advantage of dense methods.

2.4.2 Dense Retrieval Methods

Dense retrieval methods encode queries and documents independently into fixed-dimensional
embeddings, then compute relevance through vector similarity (typically dot product or cosine
similarity).

Sentence-BERT (SBERT) (Reimers and Gurevych, 2019a) adapted pre-trained BERT
for efficient sentence embeddings using Siamese architectures. Two identical encoders pro-
cess query and document separately, producing embeddings that can be compared directly.
SBERT introduced several training objectives that became standard for dense retrieval. Mul-
tiple Negatives Ranking (MNR) loss treats other examples in the batch as negatives, providing
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efficient training signal without explicit negative mining. Triplet loss separates positive doc-
uments from negatives by a fixed margin. Contrastive loss pulls similar pairs together while
pushing dissimilar pairs apart.

Dense Passage Retrieval (DPR) (Karpukhin et al., 2020) demonstrated that dense methods
could substantially outperform BM25 for open-domain QA. DPR uses separate encoders for
questions and passages, allowing asymmetric architectures optimized for each input type.
Training employs contrastive loss with carefully mined hard negatives.

ColBERT (Khattab and Zaharia, 2020) introduced multi-vector representations that pre-
serve token-level information. Rather than compressing each text into a single vector, Col-
BERT represents documents as bags of contextualized token embeddings. Relevance is com-
puted via MaxSim: each query token attends to its best-matching document token, and these
maximum similarities are summed. This late interaction mechanism captures fine-grained
matching while still enabling efficient retrieval through approximate search over token em-
beddings.

Recent advances have further improved dense retrieval. Contriever (Izacard et al., 2022)
demonstrated effective unsupervised training using data augmentation techniques like crop-
ping and word deletion to create positive pairs. Models like BGE (Xiao et al., 2023a) and
E5 (Wang et al., 2024b) demonstrated to achieve strong zero-shot retrieval performance.
Instruction-following retrievers (Su et al., 2023; Wang et al., 2024a) accept natural language
task descriptions that condition retrieval behavior, enabling a single model to handle diverse
retrieval needs. Some recent work explores adapting large language models directly for re-
trieval, leveraging their extensive pre-training for semantic understanding. SPLADE (Formal
et al., 2021) bridges dense and sparse approaches by learning sparse representations where
weights are determined by neural networks rather than term frequency statistics. In this
case, the model naturally performs query expansion while leveraging efficient inverted index
infrastructure.

For our experiments we relied on the usage of SentenceTransformers as they provide (i)
inference and training efficiency, and (ii) optimal performances.

2.4.3 Dense Retrieval for Question Matching

Question retrieval differs from document retrieval in a key aspect: the goal is semantic equiv-
alence rather than topical relevance. Two questions about “weather in Paris” and “Paris
climate” may be topically related but are not equivalent since they seek different information.
Question retrieval must make finer distinctions than document retrieval, requiring represen-
tations that capture precise semantic intent.

Bi-encoder architectures with shared weights are standard for question matching. Sen-
tence Transformers (Reimers and Gurevych, 2019a) encode query and candidate questions
separately using the same encoder, then compute similarity via cosine distance. The shared
encoder ensures that semantically equivalent questions, regardless of which is query or can-
didate, map to nearby embeddings.

A distinctive aspect of question matching in DBQA is the availability of associated an-
swers as additional context. The choice of what to encode significantly impacts performance:
question-only encoding (Q) uses just the question text, while question-answer encoding (QA)
concatenates the question with its answer. As demonstrated in Chapter 3, incorporating
answers substantially improves retrieval accuracy, as answers disambiguate intent when ques-
tions are underspecified or ambiguous.
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2.4.4 Cross-Encoder Reranking

While bi-encoders enable efficient retrieval through pre-computed embeddings and approx-
imate nearest neighbor search, cross-encoders achieve higher accuracy by jointly encoding
query-candidate pairs. The cross-encoder processes query and candidate as a single concate-
nated sequence, allowing full self-attention across both texts. This enables modeling of fine-
grained token-level interactions, recognizing that “wrote” in the query aligns with “author”
in the candidate, that independent encoding cannot capture.

Production systems typically combine both approaches in a retrieve-and-rerank pipeline.
The bi-encoder retrieves the top-k candidates (typically & = 100-1000) from the full collection
in milliseconds using a full similarity search. The cross-encoder then reranks these candidates,
applying expensive but accurate joint encoding only to the small candidate set. This pipeline
achieves the accuracy of cross-encoders at a fraction of the computational cost of exhaustively
encoding all pairs.

2.4.5 Sensitivity in Dense Retrieval

Dense retrieval models exhibit sensitivity to query formulation similar to what is observed in
LLMs. This sensitivity can be understood as a problem of coherence: models often fail in
producing consistent retrieval outcomes for semantically equivalent or near-equivalent queries.
The sensitivity or coherence, has practical consequences: behavioral studies have shown that
users frequently start multiple searches with rewritten queries when initial results are unsat-
isfactory (Bernard et al., 2007; Jansen et al., 2005), with estimates suggesting that up to 50%
of traffic in early retrieval engines consisted of query reformulations (Wang et al., 2021).

Recent work indicates this problem persists in modern retrieval systems. Liu et al. (2023a)
studied sensitivity in generative retrieval settings through simple query variations including
misspelling, token order modification, and rule-based paraphrasing, quantifying the impact of
these perturbations on retrieval results. Campos et al. (2023) proposed CAPOT (Contrastive
Alignment POst Training), focusing on making query encoders robust to noise (lemma varia-
tions, stemming, character swaps, and paraphrasing) while keeping document encoders frozen.
Chen et al. (2024a) proposed an unsupervised technique to make model scores robust toward
irrelevant paragraphs in documents. Other work has examined sensitivity from an adversarial
viewpoint (Liu et al., 2023b; Wu et al., 2022).

Several approaches have been explored. Synthetic query data augmentation has shown
promise for improving generalization (Chaudhary et al., 2024; Liang et al., 2020; Meng et al.,
2024), with Guo et al. (2025) specifically targeting queries with negations. Sunkara (2024)
combined query augmentation via back-translation with multi-task learning that forces em-
beddings of equivalent queries to be similar, though results did not consistently improve over
standard training.

Query rewriting offers an alternative approach, aligning input distribution to retriever-
preferred query forms (He et al., 2016a). Shi et al. (2024) demonstrated benefits of using
multiple query rewrites with subsequent combination of retrieved documents, while Ma et al.
(2023) introduced a trainable rewrite-and-retrieve approach for RAG settings. However, query
rewriting requires additional components in the retrieval pipeline, typically LLMs, increasing
latency and cost in industrial applications.

Chapter 5 addresses retrieval coherence through a different approach: directly training
the dense retrieval model to produce consistent rankings across equivalent queries through a
Coherence Ranking (CR) loss, without external rewriting components.
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2.5 LLM Coherence

Large Language Models have become central to modern QA systems, serving both as closed-
book QA models that answer from parametric memory and as generation components in
RAG systems. However, despite remarkable capabilities, LLMs exhibit a critical weakness:
instability with respect to input variation. Slight changes in question phrasing can produce
inconsistent or contradictory outputs (Voronov et al., 2024b; Mizrahi et al., 2024b). Under-
standing and addressing this limitation is essential for building reliable QA systems.

2.5.1 Prompt Sensitivity

LLMs are surprisingly sensitive to seemingly minor variations in prompt wording, formatting,
and structure (Hu et al., 2024a). Different phrasings of semantically equivalent questions
may bring to different responses. For example, a model might correctly answer “What is
the capital of France?” but fail on “France’s capital is?” even though both queries seek
identical information. Formatting changes such as adding or removing punctuation, adjusting
whitespace, or restructuring sentences can affect outputs despite preserving meaning.

Beyond surface-level formatting, the position and order of information affects model be-
havior. For multiple-choice questions, reordering answer options can change model predic-
tions, a phenomenon known as position bias (Zheng et al., 2023a). Similarly, the order of
in-context examples in few-shot settings influences outputs (Liu et al., 2022; Zhao et al.,
2021). Chatterjee et al. (2024) introduced POSIX, a metric specifically designed to quantify
prompt sensitivity, enabling systematic measurement of how much outputs vary under input
perturbations.

These sensitivities undermine reliability, as users cannot predict which phrasings will suc-
ceed or fail.

2.5.2 Measuring Coherence

Coherence in QA refers to consistency of outputs for semantically equivalent inputs. A co-
herent model produces the same answer whether asked “ What is the capital of France?” or
“France’s capital is?”. Both queries should reliably be answered with “ Paris.”

Rabinovich et al. (2023) introduced PopQA-TP, a dataset of 118K paraphrased questions
organized into 14K clusters, specifically designed to benchmark LLM coherence. Coherence
can be measured through embedding-based similarity between answers to equivalent questions,
or through discrete metrics based on answer correctness. These metrics are formally defined
in Section 2.9.

A useful conceptual distinction emerges from coherence analysis: clusters can be classified
as coherent-correct when all answers in the cluster are correct, coherent-incorrect when all
answers are incorrect, or incoherent when exist a mixed correctness. Incoherent clusters are
particularly informative for understanding model behavior as they indicate that the model
have relevant knowledge to correctly answer to some questions, but fails to access it reliably
across all phrasings of the same question. Chapter 5 provides systematic analysis of LLM
coherence across multiple models and introduces methods to address understanding failures
through question prompting.
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2.5.3 Approaches to Improving Coherence

Several approaches have been explored to improve LLM coherence.

The first approach is based on Prompt Engineering, a techniques that encourage more
systematic reasoning can improve consistency. Chain-of-thought prompting (Kojima et al.,
2022; Wei et al., 2022c¢) asks models to show reasoning steps, potentially improving consistency
by making the inference process explicit. Tree-of-thoughts (Yao et al., 2023) extends this to
explore multiple reasoning paths. Few-shot examples demonstrate desired behavior, though
they consume context window capacity. Le Scao and Rush (2021) showed that well-designed
prompts can be as effective as hundreds of training examples.

A second possible approach is based on Fine-tuning. In this case instruction tuning trains
models on diverse prompted tasks, improving ability to follow specifications (Wei et al., 2022a).
Preference optimization methods such as RLHF and DPO (Section 2.3.5) can optimize for
human preferences, potentially including consistency preferences. Chapter 5 demonstrates
that DPO can be applied to distill coherence improvements into model parameters by training
on preference pairs where coherent answers are preferred over incoherent ones.

A final approach is based on Retrieval Augmentation. Standard RAG (Gao et al., 2024;
Chen et al., 2024b) provides relevant documents that constrain generation, grounding out-
puts in external evidence rather than relying on potentially inconsistent parametric memory.
Chapter 5 introduces an alternative approach: retrieving semantically equivalent questions (a
cluster) and presenting them alongside the original query provides redundant semantic signal
about user intent. This question prompting approach improves both accuracy and coherence
by providing multiple perspectives on the same information need, addressing understanding
failures rather than knowledge gaps.

2.6 Question Clustering

Question clustering groups semantically similar or equivalent questions into coherent sets.
This capability has fundamental applications across QA systems: organizing FAQs, dedupli-
cating community question archives, improving model coherence through redundant signal,
constructing evaluation datasets, and aggregating user feedback. The ability to identify clus-
ters of equivalent questions is central to several contributions in this thesis.

2.6.1 Foundations

Building on pairwise equivalence from Section 2.2, we extend to sets of questions. A question
cluster C = {q1,q2,...,qn} is a set of questions where all pairs are semantically equivalent:

Y(gi,q;) € C* 1 qi <+ g

where <+ denotes semantic equivalence. By transitivity, if questions share the same information-
seeking intent and accept interchangeable answers, they belong to the same cluster.

Question clusters exhibit important properties that enable their applications. All questions
in a cluster should accept the same set of correct answers, enabling answer sharing across
phrasings.
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2.6.2 Constructing Question Clusters

Question clusters can be constructed through different approaches. Classical clustering al-
gorithms such as k-means, hierarchical clustering, and DBSCAN, can be applied to question
embeddings from neural encoders, partitioning questions based on similarity in embedding
space.

However, for the applications in this thesis, a retrieval-based approach is more natural.
Given a seed question, a dense retrieval model identifies the top-k most similar questions
from a large database. These retrieved questions implicitly form a cluster around the seed,
sharing semantic equivalence without requiring explicit global clustering. Chapter 5 adopts
this retrieval-based formulation for both LLM coherence improvement (question prompting)
and retrieval model training (coherence constraints).

2.7 Privacy-Preserving NLP and Dataset Release

The ability to share datasets drives research progress, but privacy concerns, proprietary re-
strictions, and benchmark contamination increasingly constrain what can be released. This
section reviews approaches to transforming or protecting QA data while preserving its utility,
providing context for the declassification framework introduced in Chapter 6.

2.7.1 Data Sanitization and Anonymization

The most direct approach to privacy-preserving data release is identifying and removing sen-
sitive content. Traditional anonymization redacts personally identifiable information (PII)
such as names, locations, and identifying numbers. Entity recognition systems identify sensi-
tive spans, which are then masked, replaced with placeholders, or substituted with synthetic
alternatives (Yermilov et al., 2023).

However, simple redaction often degrades data utility substantially. Pal et al. (2024a)
observed that PII redaction can cause over 25% accuracy drops in QA tasks, as removed
entities often carry semantic content essential for understanding. Questions like “ What year
did [PERSON] win the Nobel Prize?” lose critical information when the person’s name is
masked. More sophisticated approaches replace entities with semantically similar alternatives
rather than generic placeholders, preserving some utility while protecting specific identities
(Pilan et al., 2022; Sanchez and Batet, 2016).

Differential privacy (DP) provides formal mathematical guarantees by adding calibrated
noise to data or computations (Dwork, 2006). DP has become a de facto standard for privacy-
preserving machine learning, with guarantees that bound information leakage about any in-
dividual record. However, achieving meaningful privacy guarantees typically requires sub-
stantial noise that degrades utility. The privacy-utility trade-off is particularly acute for text
data, where discrete tokens and semantic coherence constraints limit noise tolerance.

Even with anonymization, residual privacy risks remain. Membership inference attacks
can determine whether specific examples appeared in training data. Attribute inference can
recover sensitive properties from seemingly innocuous features. Dataset statistics may enable
re-identification when combined with auxiliary information. These attacks have been demon-
strated against NLP models and datasets (Hu et al., 2024b), motivating stronger protection
approaches.
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2.7.2 Synthetic Data Generation

Rather than sanitizing real data, an alternative paradigm generates synthetic data that cap-
tures the statistical properties needed for training and evaluation without corresponding to
real individuals or events. Recent advances in large language models have made synthetic
data generation increasingly viable.

For QA applications, LLMs can generate question-answer pairs that mimic real data
distributions. Bai et al. (2024) used GPT-4 to generate clinical QA pairs from electronic
health records, carefully prompting the model to produce challenging questions while avoid-
ing patient-specific information. The synthetic data improved downstream QA performance
while alleviating privacy constraints that limit access to real medical data. Kotschenreuther
(2024) constructed a large synthetic medical QA dataset by prompting LLaMA 2 to generate
questions from clinical discharge summaries, producing 156000 question-answer pairs with a
physician-verified subset.

Synthetic data can also address benchmark contamination by generating fresh evaluation
examples. If original benchmark questions have leaked into training data, synthetic equivalents
can provide uncontaminated evaluation. Xia et al. (2024) proposed automatically generating
alternative test prompts for coding tasks by rephrasing, combining, or adjusting difficulty
of existing questions. The resulting evaluation sets preserve task semantics while removing
specific phrasings that might have been memorized.

However, synthetic generation has limitations. Generated data may not faithfully capture
real data distributions, introducing biases or missing important phenomena. Quality con-
trol requires substantial human verification effort. For sensitive domains, even the process
of generating synthetic data may require access to protected content. And synthetic data
cannot address scenarios where specific real questions must be preserved, such as evaluating
on established benchmarks.

2.7.3 Translation-based Transformation

Neural Machine Translation (NMT) offers another approach to dataset transformation: trans-
lating content to another language and back, know as backtranslation, produces paraphrased
versions that preserve semantic content while changing surface form. Modern NMT systems
employ Transformer-based encoder-decoder architectures trained on parallel corpora spanning
hundreds of language pairs. The encoder maps source sentences to contextualized represen-
tations, and the decoder generates target translations autoregressively while attending to
encoder outputs.

Massively multilingual models have extended NMT to hundreds of languages simultane-
ously. mBART (Liu et al., 2020) pre-trains a denoising autoencoder on monolingual corpora
across 25 languages, then fine-tunes on parallel data for translation. NLLB-200 (No Language
Left Behind) (Team et al., 2022) pushed multilingual coverage further, supporting direct trans-
lation between 200 languages including many low-resource languages previously underserved
by NMT. The NLLB-3.3B model achieves strong translation quality across diverse language
pairs through distillation from larger teacher models and careful data curation.

For dataset transformation, translation provides a principled paraphrasing mechanism.
Translating a question to an intermediate language and back to the source language produces
a semantically equivalent reformulation with different lexical choices and syntactic structure.
This round-trip translation approach can generate dataset variants that test the same capa-
bilities with different surface forms, addressing both benchmark contamination (translated
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versions are unlikely to appear in training data) and evaluation robustness (consistent perfor-
mance across phrasings indicates genuine understanding). Chapter 6 employs NLLB-200 as a
baseline for creating equivalent translation-based versions dataset, comparing backtranslation
against retrieval-based approaches.

2.7.4 Knowledge Distillation for Data Release

Knowledge distillation offers another approach: train a “teacher” model on private data, then
distill its knowledge into a “student” model using public data. The student model captures
capabilities learned from private data without directly exposing that data. This approach has
been proposed for releasing models trained on proprietary corpora.

However, distillation provides weaker privacy guarantees than often assumed. Zhang et al.
(2025) demonstrated that distilled students can memorize many of the same examples as
teachers, and membership inference attacks remain effective against students. None of their
knowledge distillation variants achieved membership inference AUC below = 0.60, indicating
substantial information leakage. Additional protections such as differential privacy during
distillation may be needed for meaningful privacy guarantees.

2.7.5 Retrieval-Based Data Transformation

Retrieval-based methods offer an alternative to generation: rather than creating new content,
find existing public content that serves the same purpose. For QA applications, this means
finding public questions semantically equivalent to private questions, then using the public
questions as substitutes.

Parvez et al. (2023) applied this idea in privacy policy QA, using dense retrievers to find
relevant sentences in public corpora for each private query. Retrieved public sentences aug-
mented training data without exposing private policy text. The retrieval-based augmentation
substantially expanded training data while avoiding direct exposure of proprietary content.

More ambitiously, entire retrieval databases can be replaced with synthetic content. Zeng
et al. (2025) proposed SAGE, a pipeline that rewrites private documents into synthetic equiv-
alents by extracting key attributes, generating synthetic text, and refining with additional
prompts. An LLM using the synthetic corpus for retrieval achieved comparable QA perfor-
mance to using original data while substantially reducing privacy risk.

These retrieval-based approaches connect directly to the declassification framework devel-
oped in Chapter 6. By leveraging large-scale question retrieval to find public equivalents for
private questions, datasets can be transformed while preserving semantic content and util-
ity. The key insight is that question equivalence, properly operationalized through retrieval,
enables systematic content replacement.

2.7.6 Benchmark Contamination

A distinct but related concern is benchmark contamination: evaluation datasets inadvertently
appearing in LLM training corpora, compromising evaluation validity. As training data scales
to trillions of tokens scraped from the web, the probability of including benchmark content in-
creases. Even without direct inclusion, discussions, solutions, and paraphrases of benchmark
questions may appear in training data (Sainz et al., 2023; Balloccu et al., 2024). Contamina-
tion undermines evaluation in several ways. Models may achieve high scores through mem-
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Table 2.1: Dataset statistics for primary benchmarks used in this thesis. For WikiQA and TrecQA,
numbers indicate questions; each question has multiple answer candidates (on average 9 for WikiQA,
38 for TrecQA), yielding larger total example counts. Statistics refer to the “clean” splits standard for
evaluation; TrecQA train-all contains 1,229 questions but includes noisy annotations.

Dataset Task Train Dev Test
MS MARCO Passage Ranking 502939 6980 —
WikiQA Answer Selection 2118 296 237
TrecQA Answer Selection 94 65 68
OpenBookQA Scientific Reasoning 4957 500 500
SimpleQA Factual QA — — 4326
QuoraQP Duplicate Detection 404000 pairs

PopQA-TP Question Paraphrase 118000 questions in 14000 clusters

orization rather than generalization. Performance on contaminated benchmarks does not
predict performance on fresh questions. Comparisons between models trained on different
corpora become invalid if contamination levels differ.

Detecting contamination is challenging. Direct string matching may miss paraphrases.
Statistical tests for memorization have limited power. Models may exhibit partial contami-
nation where some but not all benchmark examples were seen during training. Several ap-
proaches address contamination. Temporal splits evaluate only on data created after training
cutoffs, though this limits evaluation to recent content. Dynamic benchmarks regenerate eval-
uation questions periodically, though this prevents longitudinal comparison. Contamination-
resistant evaluation designs tests that are difficult to memorize, such as questions requiring
compositional reasoning over multiple facts.

2.8 Benchmark Datasets

Progress in QA research has been driven by benchmark datasets that enable systematic eval-
uation and comparison of approaches. This section surveys the key resources used throughout
the thesis. Table 2.1 summarizes statistics for the primary datasets.

Answer Sentence Selection. These datasets require ranking or selecting whole sentences
that answer a question. WikiQA (Yang et al., 2015) provides questions from Bing query logs
paired with candidate answer sentences from Wikipedia. Each question has multiple candidate
sentences, some correct and some incorrect, making it suitable for evaluating ranking models.
A peculiarity of WikiQA is that many questions have either no correct answers or only correct
answers; the “clean” splits used in evaluation retain only questions with at least one correct
and one incorrect candidate. TrecQA (Wang et al., 2007) derives from TREC QA tracks
813 and represents a classic benchmark for answer selection. Unlike WikiQA’s encyclopedic
focus, TrecQA consists of factoid questions with candidate sentences from newswire corpora,
often concerning news events and temporal facts from the late 1990s and early 2000s. Pro-
cessed “clean” versions are standard, retaining only questions with unambiguous annotations.
Together, WikiQA and TrecQA provide complementary evaluation: encyclopedic versus news
domains, Bing queries versus TREC competition questions. Both are used extensively in
Chapter 6.
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Passage Ranking and Retrieval. MS MARCO (Nguyen and et al., 2016) comprises
over one million queries from Bing search logs with human-generated answers. The dataset
provides both passage ranking and answer generation tasks, and its scale makes it valuable
for training and evaluating dense retrieval models. Natural Questions (NQ) (Kwiatkowski
et al., 2019) contains real queries from Google search paired with Wikipedia articles, requiring
systems to identify both the relevant passage and extract the answer span. With 132K training
queries over 2.68 million passages, NQ provides a large-scale benchmark for dense retrieval
that complements MS MARCO’s web search focus with encyclopedic content. BEIR (Thakur
et al., 2021) provides a heterogeneous benchmark comprising 18 diverse retrieval datasets for
zero-shot evaluation, testing generalization across domains (biomedical, financial, scientific)
and task types (fact verification, argument retrieval, duplicate detection). All these datasets
are used in Chapter 5 for evaluating retrieval coherence.

Generative QA and LLM Evaluation. OpenBookQA (Mihaylov et al., 2018) tests sci-
entific reasoning by requiring models to combine elementary science facts with broad common
knowledge to answer multiple-choice questions. The “open book” refers to a provided set of
1326 science facts, but answering requires additional commonsense reasoning not explicitly
stated. SimpleQA (Wei et al., 2024) evaluates factual accuracy in large language models, con-
taining 4326 short fact-seeking questions with unambiguous, verifiable answers. Importantly,
SimpleQA was constructed to be “uncontaminated”. Questions target obscure facts unlikely
to appear in public training data, making it challenging for retrieval-based approaches. Both
datasets are used in Chapter 6 to evaluate test set declassification. PopQA (Mallen et al.,
2022) evaluates factual knowledge across entities of varying popularity, revealing how model
accuracy correlates with entity frequency in training data.

Question Similarity and Paraphrase. QuoraQP contains 404,000 question pairs anno-
tated for semantic equivalence, widely used for duplicate question detection, though most
pairs lack associated answers. QuoraQP-a (Wang et al., 2020b) extends the original dataset
by pairing questions with answers extracted from Quora threads, enabling research on answer-
aware question matching. PopQA-TP (Rabinovich et al., 2023) is an extension of PopQA
which contains 118,000 paraphrased questions organized into 14,000 clusters, enabling coher-
ence evaluation across equivalent phrasings. This dataset is built upon the PopQA to test
LLM coherence. The Question Ranking Corpus (QRC) (Campese et al., 2023), intro-
duced in Chapter 3, provides 15,211 queries each paired with 30 candidate QA pairs annotated
for semantic equivalence, the first large-scale resource structured for training and evaluating
complete DBQA pipelines.

Text Corpora. Beyond QA datasets, several text corpora serve as knowledge sources
for retrieval and answer reconstruction. Wikipedia provides encyclopedic coverage across
virtually all domains and is the primary knowledge source for many QA systems. The retrieval
index based on Wikipedia, consist of 30M of passages. CCNews (Wenzek et al., 2019)
(=~ 461M) provides a large corpus of news articles, useful for domains where encyclopedic
sources lack coverage. These corpora are used in Chapter 6 for domain-appropriate answer
reconstruction.
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2.9 Evaluation Metrics

The evaluation of question answering and retrieval systems presents unique challenges that
standard classification metrics do not fully address. A QA system may correctly identify
that a question is about French geography, yet fail to surface the specific answer about Paris
being the capital. Conversely, a retrieval model might return highly relevant documents on
average while producing wildly inconsistent results for semantically equivalent queries. These
characteristics motivate the usage of diverse set of metrics, each capturing different aspects
of system behavior.

This section introduces the evaluation metrics used throughout the experimental chapters,
organized by the aspect of performance they measure: ranking quality, answer correctness,
and coherence.

2.9.1 Ranking Metrics

Ranking metrics evaluate how effectively systems order candidates by relevance. In retrieval
and answer selection tasks, finding some relevant item is often insufficient as the users expect
the best results to appear first.

Precision at &k (P@¥k) measures the proportion of relevant items among the top-k results:

|{relevant items in top-k}|

Pak =
k

P@1 is particularly important for QA systems, where users typically expect the single
best answer to appear first. A system achieving high PQI reliably places the correct
answer at rank one.

Hit Rate at k (Hit@k) measures the proportion of queries for which at least one relevant
item appears among the top-k retrieved results:

1

Hit@k = —-
QI

> K(R,NTopK(q) # @)
qeQ

where @ is the set of queries, R, is the set of relevant items for query ¢, and TopK(q)
denotes the set of the top-k retrieved items for ¢q. Unlike PQE, which penalizes having
fewer relevant items in the top-k, Hit@k only asks whether any relevant item was re-
trieved. This metric is useful for evaluating recall at different ranking depths and for
systems where finding one good answer suffices.

Mean Reciprocal Rank (MRR) captures how quickly a system surfaces the first relevant
result:

1 1
MRR = — Y ——
Q| poere rank,

where rank, is the position of the first relevant item for query ¢. MRR rewards systems
that place relevant items early: a relevant item at rank 1 contributes 1.0, at rank 2
contributes 0.5, at rank 10 contributes 0.1. This metric is appropriate when users scan
results sequentially and stop upon finding a satisfactory answer.

37



CHAPTER 2. BACKGROUND AND RELATED WORK

Mean Average Precision (MAP) summarizes precision across all recall levels. For a single
query, Average Precision computes precision at each position where a relevant item
appears, then averages these values:

1

- [relevant|

AP Z PQF - J¥[item at rank k is relevant]
k=1

MAP averages AP across all queries. Unlike MRR, which considers only the first relevant
item, MAP rewards systems that rank all relevant items highly, making it suitable when
multiple correct answers exist.

Normalized Discounted Cumulative Gain (NDCG) extends ranking evaluation to graded
relevance judgments. Discounted Cumulative Gain applies a logarithmic discount to
relevance scores based on position:

k
DCGQk = Z

=1

2reli -1

where rel; is the relevance grade of the item at rank ¢. NDCG normalizes DCG by the
ideal DCG achievable with perfect ranking, producing values in [0, 1]. Unlike binary rel-
evance metrics, NDCG credits partially relevant items proportionally to their relevance
grade.

Rank-Biased Overlap (RBO) (Webber et al., 2010) measures similarity between two ranked
lists with configurable top-weighting:

RBO(71,7,p) = (L—p) Y 07" - Aqg
=1

where Ay is the overlap proportion at depth d and p € (0, 1) controls how much weight
is given to top positions. RBO produces values in [0,1], where 1 indicates identical
rankings. Unlike Spearman correlation, RBO naturally handles lists of different lengths
and provides intuitive top-weighted comparison, making it particularly suitable for com-
paring retrieval results where early positions matter most.

Spearman Correlation (p) measures the monotonic relationship between two rankings by
computing the Pearson correlation on rank values:

63, df

—1-
P n(n?—1)

where d; is the difference between ranks of item ¢ in the two lists and n is the number
of items. Values range from —1 (perfect inverse ranking) through 0 (no correlation)
to +1 (identical ranking). While Spearman treats all positions equally, it provides a
complementary view to RBO by measuring overall ranking agreement.

2.9.2 Answer Correctness Metrics

Beyond ranking, QA systems must produce correct answers. Different evaluation scenarios
require different notions of correctness.
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Exact Match (EM) checks whether the predicted answer exactly matches any reference an-
swer after normalization (lowercasing, punctuation removal, article stripping):

EM =
0 otherwise

{1 if normalize(prediction) = normalize(reference)
This strict binary metric is particularly appropriate for factoid questions with short,
canonical answers.

F1 Score measures token-level overlap between predicted and reference answers, balancing

precision and recall:

Pl — 2 - Precision - Recall

Precision + Recall

where Precision is the fraction of predicted tokens appearing in the reference, and Recall
is the fraction of reference tokens appearing in the prediction. F1 provides partial credit
for answers that overlap with the reference without matching exactly.

ROC-AUC (Area Under the Receiver Operating Characteristic Curve) evaluates binary clas-
sification performance across all decision thresholds. ROC-AUC measures the probabil-
ity that a randomly chosen positive example is scored higher than a randomly chosen
negative example:

ROC-AUC = P(score(z™) > score(z™))

Values range from 0.5 (random classifier) to 1.0 (perfect ranking of positives above neg-
atives). ROC-AUC is particularly useful for imbalanced datasets like duplicate question
detection, where it provides a threshold-independent measure of discriminative ability.

Accuracy measures the proportion of correctly answered questions:

|{correctly answered questions}|

A =
ceuracy [{total questions}|

For generative QA, determining correctness is non-trivial since answers may be correct
but phrased differently from references. Human evaluation remains the gold standard
but is expensive and slow. LLM-as-judge approaches (Zheng et al., 2023b) offer a scal-
able alternative: a capable LLM (e.g., GPT-4, Claude) is prompted to assess whether a
generated answer is correct given the question and reference answer. The judge model
receives instructions specifying evaluation criteria and outputs a binary judgment or
graded score. While not perfect, LLM-as-judge correlates well with human judgments
for factual QA and enables evaluation at scale. Care must be taken to avoid biases:
LLM judges may favor verbose answers, prefer their own outputs, or exhibit position
bias when comparing multiple responses (Wang et al., 2024c).

2.9.3 Coherence Metrics

Coherence metrics measure the consistency of system behavior across semantically equivalent
inputs. A coherent system should produce similar outputs for questions that express the same
information need, regardless of surface phrasing.
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Semantic Coherence for generative models measures the similarity between answers pro-
duced for equivalent questions. Given a model M, a cluster of equivalent questions
C={q,-..,qn}, and a sentence embedding function e(-):

Colerencesen (€, M) = s 3 con(e(M(@). e(M(@)))  (2:4)

This metric computes the average pairwise cosine similarity of answer embeddings within
a cluster. Higher values indicate more consistent answers across phrasings, regardless of
whether those answers are correct.

Binary Coherence for factual QA with verifiable answers measures whether a model’s cor-
rectness is consistent within a cluster of similar questions:

2

Coherencepin (C, M) = n(n—1)

ZH‘[correct(M(qi)) = correct(M(g;))] (2.5)

1<j

A value of 1.0 means the cluster is either entirely correct (coherent-correct) or entirely
incorrect (coherent-incorrect). Values below 1.0 indicate incoherent behavior: the model
answers some phrasings correctly while failing on semantically equivalent alternatives,
suggesting it possesses the required knowledge but cannot reliably access it.

Ranking Coherence for retrieval models measures whether equivalent queries produce con-
sistent document rankings. Given a retrieval function ¢ that returns top-k documents

75(q, k) for query g¢:

Coherence i, (C, d) = n(nz—l) ZRBO(Té(Qi,k),Té(Qj;k)) (2.6)

1<j

This metric computes the average RBO between rankings produced for all pairs of equiv-
alent queries. Low ranking coherence indicates that small changes in query phrasing
cause large changes in retrieved documents, suggesting fragile retrieval behavior.

2.10 Summary

This chapter provided comprehensive background on concepts and methods underlying this
thesis.

We reviewed Question Answering systems from early rule-based approaches through mod-
ern neural architectures, with emphasis on Database-based QA (DBQA) systems that retrieve
answers from pre-computed question-answer databases. DBQA offers advantages in factual
accuracy, inference speed, and knowledge updateability that motivate their study. We exam-
ined question understanding and semantic similarity, exploring how questions are represented
and compared, and the importance of recognizing equivalence despite lexical variation.

We discussed Transformer models and pre-training objectives, tracing evolution from
token-level tasks through sentence-level contrastive learning to task-oriented pre-training. We
identified gaps in existing methods for question ranking and reviewed specialized approaches
that address these gaps. We examined dense retrieval methods from sparse lexical approaches
through neural embeddings, emphasizing bi-encoder efficiency and cross-encoder accuracy
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in retrieve-and-rerank pipelines. We discussed retrieval coherence and methods to improve
consistency across equivalent queries.

We reviewed LLM coherence challenges, showing how models struggle with consistent
answers to equivalent questions, and how question retrieval can improve coherence through
redundant semantic signal. We examined question clustering methods and their applications
including coherence improvement, feedback aggregation, and retrieval training.

We introduced dataset equivalence as a framework for understanding when different eval-
uation sets measure the same capabilities, enabling robust evaluation and dataset transforma-
tion. We reviewed privacy-preserving approaches to NLP data release including anonymiza-
tion, synthetic generation, and retrieval-based transformation, providing context for declassi-
fication.

These foundations directly enable the contributions in subsequent chapters:

e Chapter 3: Building on DBQA architectures and dense retrieval methods, we develop a
large-scale question-answer database retrieval system and introduce the Question Rank-
ing Corpus for training and evaluation.

e Chapter 4: Extending task-oriented pre-training methods, we introduce specialized
pre-training objectives leveraging question retrieval knowledge distillation.

e Chapter 5: Building on LLM coherence challenges and question clustering applica-
tions, we demonstrate how retrieved equivalent questions improve understanding and
consistency, and how clusters improve document retrieval coherence.

¢ Chapter 6: Building on dataset equivalence concepts and privacy-preserving approaches,
we develop a framework for transforming datasets through semantic question mapping.
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Chapter 3

Question Retrieval from Large-Scale
Question-Answer Databases

Understanding the semantics of questions is fundamental to building effective Question An-
swering systems. When a user poses a question, the system must recognize not just the
surface form but also the underlying information need—and crucially, it must identify when
two differently-worded questions express the same need. This chapter addresses the first core
challenge of this thesis: how to efficiently retrieve semantically equivalent questions from
massive databases containing millions of question-answer pairs.

The approach we develop here, which we call QUADRo (QUestion-Answer Database Re-
trieval), serves as the foundation for all subsequent contributions in this thesis. The question
retrieval models trained in this chapter will be enhanced through specialized pre-training
(Chapter 4), and the concept of pairwise question equivalence introduced here will be ex-
tended to question clusters that enable LLM grounding and coherent document retrieval
(Chapter 5).

The core insight motivating this work is that many user questions have been asked before,
possibly in different formulations. Rather than generating answers from scratch or extracting
them from unstructured documents, Database-based Question Answering (DBQA) systems
can efficiently retrieve pre-computed answers by finding semantically equivalent questions in
a curated database. To illustrate, consider a user asking “ What are the side effects of ibupro-
fen?”. Our system retrieves the stored question “Ibuprofen side effects?” paired with a pre-
verified answer listing common adverse reactions, bypassing the need for answer generation.
The challenge is recognizing this equivalence across millions of candidates with sub-second
latency. This paradigm offers several advantages: guaranteed factual accuracy (since answers
are pre-verified), low inference latency (retrieval is faster than generation), easy knowledge
updates (adding new pairs without retraining), and transparent source attribution.

However, the development of effective DBQA systems has been hindered by a critical gap:
the lack of large-scale annotated resources specifically designed for training and evaluating
question retrieval and ranking models. Existing resources for question similarity, such as
Quora Question Pairs (Wang et al., 2020b) or CQADupStack (Hoogeveen et al., 2015), focus
on pairwise classification rather than ranking, and crucially, they do not incorporate answer
quality into the annotation process.

This chapter makes three main contributions:

1. A Large-Scale Question-Answer Database: We construct a database of 6.3 million
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question-answer pairs from diverse high-quality sources, providing broad coverage for
open-domain question answering and enabling retrieval at scale.

2. The Question Ranking Corpus (QRC): We introduce a novel annotated dataset
of 15,211 queries, each associated with 30 candidate question-answer pairs annotated
for semantic equivalence. This results in approximately 443,000 annotated examples
specifically designed for training and evaluating question retrieval models.

3. Comprehensive Experimental Analysis: We conduct extensive experiments demon-
strating that (i) incorporating answers during retrieval and ranking substantially im-
proves accuracy, (ii) neural retrieval methods are essential for semantic matching at
scale, achieving up to +19% over BM25, and (iii) our system achieves competitive
performance with web-based QA and Large Language Models while offering superior
efficiency.

The remainder of this chapter is organized as follows. Section 3.1 formalizes the question
retrieval task and defines semantic equivalence. Section 3.2 describes the construction of our
question-answer database. Section 3.3 presents the system architecture. Section 3.4 details
the annotation process for the Question Ranking Corpus. Section 3.5 reports our experimental
results. Section 3.6 discusses findings and limitations. Section 3.7 concludes the chapter.

3.1 Problem Formulation

3.1.1 Task Definition

Given a user question ¢ (the query) and a database D = {(qi1,a1),(¢2,a2),...,(gn,an)}
containing N question-answer pairs, the DBQA task consists of:

1. Retrieval: Identify a subset R C D of k candidate pairs most likely to contain an
answer to q

2. Ranking: Reorder the candidates in R such that the pair (¢*, a*) with highest semantic
equivalence to ¢ is ranked first

3. Answer Selection: Return a* as the answer to the user query

The success of this pipeline depends critically on the ability to recognize when two questions
are semantically equivalent, that is, when they express the same information-seeking intent
and accept the same answers.

3.1.2 Semantic Equivalence

As discussed in Section 2.2.2, semantic equivalence between questions requires two jointly
necessary conditions: the questions must (i) express the same information-seeking intent and
(ii) accept the same set of correct answers. We now formalize this for the DBQA setting,
where answer correctness provides a natural operationalization of condition (ii) and where
the retrieval model’s learned representations implicitly enforce condition (i).
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Definition 3.1.1 (Semantic Equivalence). Two questions q; and q; are semantically equiv-
alent, denoted q; <+ q;, if and only if they express the same information-seeking intent and
accept the same set of correct answers:

¢i < qj < intent(q;) = intent(q;) N Va:{l(g;,a) & (g, a)
where £(q,a) = 1 if answer a is correct for question q, and ¢(q,a) = 0 otherwise.

The intent condition prevents coincidental answer overlaps from producing false equiva-
lences. For instance, “ When was Shakespeare born?” and “ When was Galileo born?” both
have “1564” as a correct answer, but they are not equivalent since they seek information
about different entities and different events. This case arises especially with low-cardinality
answers (dates, common named entities, yes/no answers) and must be ruled out explicitly.
The answer condition, in turn, grounds the definition in observable, task-relevant behavior
and prevents purely intent-based judgments from conflating questions that happen to sound
similar but require different answers.

In practice, the intent condition is enforced at two levels. During annotation, human
annotators in our Question Ranking Corpus (Section 3.4) were shown both questions and
answers, enabling them to verify intent equivalence jointly with answer compatibility, reducing
annotation error by 45% compared to question-only annotation. During inference, the neural
retrieval and reranking models (Section 3.3) learn representations that encode semantic intent:
questions with coincidentally overlapping answers but different intents receive low similarity
scores because their learned embeddings reflect different information needs.

The combined definition has several important properties. It is symmetric: if ¢; < g;,
then ¢; < ¢;, unlike document retrieval where the query-document relationship is inherently
asymmetric. It is transitive: if ¢; <+ ¢; and q; <> qi, then ¢; <> g, enabling the formation
of equivalence classes (clusters) of questions. It is task-oriented: by grounding equivalence
in both intent and answer correctness, the definition captures what matters for QA sys-
tem performance. Surface similarity between questions is neither necessary nor sufficient for
equivalence: “ Who wrote Hamlet?” and “ Who played Hamlet?” share most words but require
different answers (Shakespeare vs. various actors), while “ Who wrote Hamlet?” and “The au-
thor of Hamlet is?” look different but are equivalent. Finally, equivalence is context-sensitive:
both the intent function and the correctness function ¢ may depend on context, so “ Who is
the president?” may have different correct answers depending on the country and time period
implied.

3.1.3 Challenges

DBQA systems face several challenges that motivate our design choices:

e Lexical Variation: users express the same information need using vastly different
vocabulary and syntactic structures. For example, “What is the capital of France?”
and “Name the city that serves as France’s seat of government” are equivalent but
share minimal lexical overlap.

e Scale: practical DBQA systems must search databases that contain millions of question-
answer pairs. This requires efficient approximate search methods rather than exhaustive
comparison.
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¢ Answer Disambiguation: questions may be ambiguous in isolation but disambiguated
by their answers. For instance, “How long does it take?” is underspecified, but when
paired with an answer about cooking times versus travel times, the intended meaning
becomes clear.

¢ Quality Variation: database entries may vary in answer quality. Some pairs may
contain incorrect, outdated, or incomplete answers that should be ranked lower even if
the questions appear similar.

3.2 Question-Answer Database Construction

A key contribution of this work is the construction of a large-scale, high-quality database of
question-answer pairs that enables open-domain question answering through retrieval.

3.2.1 Design Principles
Our database construction follows three guiding principles:

¢ Quality over Quantity: while scale is important for coverage, we prioritize answer
correctness. Each source is evaluated for quality, and filtering mechanisms are applied
to remove likely incorrect pairs.

e Diversity: we combine multiple sources spanning different domains, question types,
and answer styles to ensure broad applicability.

e Verifiability: where possible, we use sources with human annotations or verifiable
answers, reducing reliance on automatically generated content.

3.2.2 Data Sources

Our database aggregates question-answer pairs from multiple high-quality sources, summa-
rized in Table 3.1.
Labeled Sources

These sources contain question-answer pairs with human annotations or verified answers:

GooAQ: provides questions derived from Google autocomplete suggestions paired with an-
swers extracted from featured snippets. The automated extraction process yields high-
quality pairs due to Google’s answer selection mechanisms (Khashabi et al., 2021).

WQA: contains questions from web search queries with extracted answer passages from
authoritative sources (Zhang et al., 2021).

WikiAnswer: aggregates questions and answers from the WikiAnswers community plat-
form, where users provide answers to submitted questions (Fader et al., 2013).

CovidQA:': is a domain-specific dataset containing questions about COVID-19 with expert-
verified answers from scientific sources (Moller et al., 2020).

HotpotQA: provides multi-hop reasoning questions with short factual answers derived from
Wikipedia (Yang et al., 2018).
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Augmented Sources

For some sources, answers were not directly available and required extraction or filtering;:

Quora Match: Quora Match contains a small fraction of the original Quora dataset for
which the answers are available directly from the Quora threads. The answers were
selected through a heuristic approach based on the rank of users’ content in Quora
threads (Wang et al., 2020b).

Quora Question Pairs: The original QuoraQP (Iyer et al., 2017) dataset contains question
pairs from Quora without answers. First we remove the queries for which the answers
were available in Quora Match, then we extracted answers using a two-stage process:

1. For each question, we queried a 2020 CommonCrawl snapshot using BM25 and
retrieved the 200 most relevant documents.

2. We split documents into sentences and applied a state-of-the-art answer sentence
selector (Lauriola and Moschitti, 2021a) to identify the best answer passage.

3. We retained only pairs where the selector confidence exceeded the 90th percentile,
ensuring high answer quality.

Manual evaluation of 200 randomly sampled pairs from this augmented set showed 93.0%
answer correctness.

ELI5 (Explain Like I'm 5): (Fan et al., 2019) contains questions from Reddit’s explain-
likeimfive subreddit with community-voted answers. We retained only the top 50% of
pairs ranked by our answer selector to filter low-quality responses, achieving an esti-
mated 84.3% accuracy based on manual annotation.

Table 3.1: Statistics of the QUADRo database. QA = number of question-answer pairs, Q = unique
questions, Q length and A length report mean + standard deviation in tokens.

Source QA Pairs Unique Q Q Length A Length
Labeled Sources
GooAQ (Khashabi et al., 2021) 3.1M 2.9M 9.1+2.3 459+ 18.9
WQA (Zhang et al., 2021) 391K 80.5K 7.5+3.2 24.8+11.3
WikiAnswer (Fader et al., 2013) 2.3M 2.3M 9.1£25 60.3 £117.3
CovidQA (Moller et al., 2020) 2K 1.9K 10.6 +4.1 15.8 +17.1
HotpotQA (Yang et al., 2018) 64K 64K 20.4 +10.6 4.14+24
Augmented Sources

Quora Match (Wang et al., 2020b) 230K 170K 12.5£6.7 38.8 +20.5
QuoraQP (Iyer et al., 2017) 219K 134K 9.6 £2.9 25.1 £10.8
ELI5 (Fan et al., 2019) 58.9K 58.7K 17.6 +£9.1 60.7 +£28.1
Total 6.3M 5.7TM 121+4.3 34.4 +19.2

3.2.3 Quality Considerations

We deliberately excluded certain large-scale resources due to quality concerns:
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Figure 3.1: QUADROo system architecture. Given a user query, the neural search engine retrieves
top-k similar question-answer pairs from the database. The answer selector reranks candidates and
returns the best answer.

PAQ (Probably Asked Questions): contains 65 million automatically generated question-
answer pairs. While valuable for some applications, the authors report only 82% cor-
rectness, and the questions often exhibit unnatural phrasing due to the generation pro-
cess (Lewis et al., 2021). We excluded PAQ from our database to prioritize quality
but note that it could be integrated for applications where coverage is prioritized over
precision.

3.2.4 Database Statistics

The final database contains 6.3 million question-answer pairs covering 5.7 million unique
questions. Questions average 12 tokens in length, while answers range from short factual
responses (4 tokens in HotpotQA) to detailed explanations (60+ tokens in WikiAnswer and
ELI5). This diversity ensures the database can support both factoid and explanatory question
answering.

3.3 System Architecture

As described in Section 3.1.1, QUADRo implements a two-stage retrieve-and-rerank architec-
ture, illustrated in Figure 3.1. This design balances efficiency (fast retrieval over millions of
pairs) with accuracy (precise reranking of top candidates).

3.3.1 Neural Search Engine

The retrieval component employs a bi-encoder architecture based on Sentence Transform-
ers (Reimers and Gurevych, 2019a), enabling efficient similarity search over millions of database
entries.
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Architecture

The bi-encoder consists of two Transformer encoders with shared weights that indepen-
dently map texts to fixed-dimensional embeddings:

Query Encoder: Given a user query ¢, the encoder produces an embedding;:

q = Enc(q)

Database Encoder: For each database entry (g;, a;), we encode the concatenated question-
answer pair:

d; = Enc(q; ® a;)

where @ denotes concatenation with a separator token.

The similarity between the query and a database entry is computed as cosine similarity:

.
sim(q, (¢i, ai)) = [lallllds|

In our implementation, Enc(-) uses mean pooling over token representations from a ROBERTa
encoder.!

Input Configurations

As the key research question is what information to encode for optimal question retrieval.
We investigate three configurations:

Question-Question (QQ): The query encoder encodes only the query ¢, and the database
encoder encodes only questions ¢; (ignoring answers). This tests whether question sim-
ilarity alone suffices for retrieval.

Question-Question+Answer (QQA): The query encoder encodes only the query ¢, while
the database encoder encodes concatenated question-answer pairs (g;, a;). This tests
whether answer context improves retrieval without modifying the query representation.

Question+Answer-Question+Answer (QAQA): Both encoders receive question-answer
pairs. This is not applicable at inference time as the user provides only a question, but
it serves as an oracle to measure the information gain from answer availability.

Efficient Search

At inference time, all database embeddings {di}fil are pre-computed and indexed. Given
a new query, we compute q and retrieve the top-k most similar entries using a full search. We
employ FAISS (Johnson et al., 2019a) with Flat indexing on multiple GPUs, enabling for fast
retrieval over millions of entries.

1Specifically, we use the Sentence-RoBERTa architecture with mean pooling, though other pooling strategies
(e.g., [CLS] token) yield similar results.
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Continuous Pre-training

The bi-encoder is initialized from a public Sentence-RoBERTa-base checkpoint and we
continuously pre-trained on a large collection of datasets for unsupervised STS tasks, including
paraphrasing, sentence similarity, question answering, and summarization. This pre-training
develops robust semantic matching capabilities across diverse domains before specialization
on question retrieval. The pre-training corpus includes:

e Question Answering: MS MARCO (Nguyen et al., 2016), Natural Questions (Kwiatkowski
et al., 2019), PAQ (Lewis et al., 2021)

o Scientific Text: S20RC (Semantic Scholar Open Research Corpus) (Lo et al., 2020),
Specter (Cohan et al., 2020)

o Natural Language Inference: SNLI/MultiNLI (Bowman et al., 2015)

e Summarization: CNN/DailyMail (See et al., 2017), XSum (Narayan et al., 2018),
WikiHow (Koupaee and Wang, 2018)

o Other: AmazonQA (Gupta et al., 2019), ELI5 (Fan et al., 2019), FEVER (Thorne and
et al., 2018), Flickr30K (Young et al., 2014), GooAQ (Khashabi et al., 2021), Code-
SearchNet (Husain et al., 2020), SimpleWiki (Coster and Kauchak, 2011), StackEx-
change (Narayan et al., 2018), COCO Captions (Lin et al., 2014), SQuAD (Rajpurkar
et al., 2016), and Altex (Hidey and McKeown, 2016)

These datasets consist of pairs of semantically equivalent texts (e.g., question-answer,
title-abstract, paraphrases). Overall, the pre-training data includes approximately 180 million
positive text pairs and 17.5 million hard negatives where available.

We train with the Multiple Negatives Ranking (MNR) loss (Henderson et al., 2017). Given
a batch of B query-positive pairs {(g;, dj)}le, the loss treats other batch elements as in-batch
negatives:

B ; . gt
1 exp|(sim(gj,d)/T
LVNR = ~5 E log ( ’ ) (3.1)

= ZkB:1 exp (sim(q]-, d;)/T)

where 7 is a temperature parameter and sim(-,-) denotes cosine similarity. Pre-training uses
batch size 384, maximum sequence length 256 tokens, and AdamW optimizer with learning
rate 2 x 107°.

Fine-tuning

After continuous pre-training, we fine-tune the model for question retrieval using a two-
stage strategy:

Stage 1: QuoraQP. We first fine-tune on QuoraQP, a dataset of duplicate question de-
tection. To adapt this resource for our setting, we augment each question pair with artificially
generated answers, creating question-answer entries that mirror our database structure. This
intermediate step exposes the model to question equivalence patterns before training on our
more challenging corpus.
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Stage 2: Question Ranking Corpus. We then fine-tune on the Question Ranking Corpus
(QRC), a large-scale dataset we constructed specifically for this task (described in detail in
Section 3.4). QRC contains approximately 443,000 annotated triplets across 15,211 queries,
where each query is paired with 30 candidate question-answer pairs annotated for semantic
equivalence. A critical aspect of this stage is training with hard negatives: database en-
tries that are semantically similar but not equivalent to the query, such as questions sharing
topical overlap but with different information-seeking intents. Differently from random nega-
tives, which are trivially distinguishable, hard negatives force the model to learn fine-grained
semantic distinctions essential for accurate retrieval.

Both stages use MNR loss. Hyperparameters are selected via grid search on the de-
velopment split, with early stopping after 2 consecutive epochs of validation loss degrada-
tion. We evaluate learning rates in {5 x 1076,1 x 107%,2 x 107%,5 x 107°}, batch sizes in
{64,128, 256,384}, and sequence lengths in {128,256}.

3.3.2 Answer Selector (Reranker)

While the bi-encoder enables efficient retrieval over millions of candidates, its dual-encoder
architecture has an inherent limitation: query and candidate are encoded independently, pre-
venting the model from capturing fine-grained interactions between them. The query encoder
cannot “see” the candidate text during encoding, and vice versa. This independence assump-
tion, while enabling pre-computation of candidate embeddings, limits the model’s ability to
recognize subtle semantic relationships that depend on the specific pairing of query and can-
didate.

To address this limitation, we adopt the retrieve-and-rerank paradigm that has proven
effective across information retrieval tasks. The bi-encoder first retrieves a manageable set
of candidates (e.g., top-500), then a more expressive cross-encoder reranks these candidates
by jointly modeling query-candidate interactions. This two-stage approach combines the
efficiency of bi-encoders for initial retrieval with the effectiveness of cross-encoders for precise
ranking.

In the context of question retrieval, the reranking stage faces a unique challenge: deter-
mining semantic equivalence requires understanding not just the surface similarity between
questions, but also whether they would be satisfied by the same answer. Two questions might
use very different vocabulary yet seek identical information (e.g., “What’s the boiling point of
water?” vs. “At what temperature does Ho O transition to gas?”). Conversely, superficially
similar questions might have distinct intents (e.g., “How tall is the Eiffel Tower?” vs. “How
tall was FEiffel?”).

Our answer selector leverages on a key insight: the pre-computed answers in the database
provide valuable context for assessing question equivalence. If a candidate’s answer would
appropriately address the user’s query, this is strong evidence that the questions are equivalent.
We therefore design our cross-encoder to incorporate the answer as an additional input signal,
enabling three-way interactions between query, database question, and answer.

Architecture

The cross-encoder jointly encodes the query g and each candidate (g;, a;) in a single forward
pass. The input is formatted as a single sequence and processed by a Transformer encoder :

h = (CLS] ¢ [SEP] a; [SEP] ¢; [EOS])
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The [CLS] representation is projected to two classes (equivalent / not equivalent) through a
linear layer:
logits(qv Qi ai) = Wh[CLS} + b

where W € R2*? and b € R? are learned parameters. The input ordering places the answer
between the query and database question, following findings from answer sentence selection
that this arrangement optimizes attention patterns (Lauriola and Moschitti, 2021a).

At inference time, we apply softmax and use the probability of the positive class (equiva-
lent) as the ranking score:

exp(logits; )
exp(logits,) + exp(logits; )

score(q, gi, a;) =

Input Configurations

We investigate multiple input configurations for the reranker:
¢ QQ (Query-Question): encode only (g, ¢;), testing pure question similarity.

e QA (Query-Answer): encode only (g, a;), testing direct query-answer relevance with-
out the database question.

e QQA (Query-Question-Answer): encode (q,¢;,a;) with the answer as context for
the question pair.

e QAQ (Query-Answer-Question): encode (q,a;,q;) with the database question as
context for query-answer matching.

Training
The reranker is trained with cross-entropy loss on annotated triplets (q,q;, a;,y) where
y € {0,1} indicates semantic equivalence:

1
Log=—— Y logP(y|q,a,a)

T
‘ ‘ (9,9:,0:,9)ET

where P(y | ¢, ¢, a;) = softmax(logits(q, ¢;, a;)), is the predicted probability of the true class.

We initialize from an ELECTRA-base checkpoint pre-trained on ASNQ (Garg et al., 2020)
for answer sentence selection (AS2) (Lauriola and Moschitti, 2021a). Following the two-stage
fine-tuning strategy described in Section 3.3.1, we first fine-tune on QuoraQP, then on the
Question Ranking Corpus. Hyperparameters are selected via grid search: learning rates in
{56 x107%,1 x 107°,3 x 1075,5 x 107°}, batch sizes in {64,128,1024}, with sequence length
fixed at 256 tokens.

3.3.3 End-to-End Pipeline

As illustrated in Figure 3.1, QUADRo combines efficient dense retrieval with precise cross-
encoder reranking. At inference time, the system operates through four stages:

Stage 1: Query Encoding. The user query ¢ is encoded by the bi-encoder into a dense
vector q € R%. This encoding is performed online for each incoming query.
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Stage 2: Candidate Retrieval. The query embedding is compared against pre-computed
embeddings of all database entries via exhaustive cosine similarity search. Despite the database
size (6.3 million entries), modern GPU hardware enables efficient brute-force search over dense
embeddings. This stage retrieves the top-k most similar candidates (we use k£ = 500 in our
experiments).

Stage 3: Candidate Reranking. FEach retrieved candidate (g¢;, a;) is scored by the cross-
encoder, which jointly encodes the query and candidate to capture fine-grained semantic
interactions. While more expensive than bi-encoder scoring, running the cross-encoder on
only k candidates (rather than millions) keeps latency manageable.

Stage 4: Answer Selection. The answer a* associated with the highest-ranked candidate
is returned to the user:

* —
A = Qargmax; score(q,q:,a;)

3.4 Question Ranking Corpus

A major contribution of this work is the Question Ranking Corpus (QRC), a large-scale
annotated dataset specifically designed for training and evaluating DBQA models.

3.4.1 Motivation

Existing resources for question similarity have several limitations for DBQA:

Pairwise vs. Ranking: Datasets like QuoraQP provide binary labels for question pairs but
do not support ranking evaluation. DBQA requires ranking multiple candidates, not
just classifying pairs.

Answer Exclusion: Most question similarity datasets do not include answers, preventing
models from learning answer-aware representations and preventing annotators from us-
ing answers for disambiguation.

Easy Negatives: Random negative sampling produces trivially distinguishable pairs and/or
false samples. Effective DBQA training requires hard negatives that challenge the
model’s semantic understanding.

3.4.2 Dataset Construction

The construction of the Question Ranking Corpus followed a four-step pipeline designed to
produce challenging, high-quality annotations with hard negatives that require fine-grained
semantic understanding.

Step 1: Query Sampling. We randomly sampled 15,211 questions from our database to serve
as input queries. These questions were removed from the database to prevent trivial
exact matches during retrieval and evaluation. The queries span diverse topics and
formulations, reflecting the open-domain nature of the target application.
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Step 2: Candidate Retrieval. For each query, we retrieved the top-k = 30 most similar
question-answer pairs using a preliminary version of our retrieval model: Sentence-
RoBERTa trained on QuoraQP with QQA configuration. This ensures candidates in-
clude challenging hard negatives that require fine-grained semantic understanding to be
distinguished.

Step 3: Crowdsourced Annotation. We employed Amazon Mechanical Turk to annotate
each query-candidate pair. Annotators judged whether the query ¢ and retrieved ques-
tion ¢; were semantically equivalent according to Definition 3.1.1. Each triplet (q, ¢;, a;)
was labeled by two independent annotators; in case of disagreement, a third annotator
provided the tie-breaking vote.

Step 4: Quality Control. We implemented multiple mechanisms to ensure annotation qual-
ity: (i) restricting to Master Turkers with >95% approval rate and 100+ approved tasks;
(ii) including control questions with known labels in each batch; (iii) excluding annota-
tors who failed more than 10% of controls. Annotators were compensated $0.15 per task
(7 triplets including 2 controls). The resulting annotations show strong agreement: the
two primary annotators agreed on 78% of triplets (random labeling would yield 50%),
with Cohen’s Kappa of 0.875 indicating high inter-annotator reliability.

Answer-Guided Annotation

A distinctive feature of our annotation protocol is that annotators were shown the answer
a; alongside the questions. We provided the following guidance:

Two questions are equivalent if they (i) have the same meaning AND (ii) share the
same answers. Use the provided answer to help determine if both questions would
accept this answer as correct.

This answer-guided approach reduces ambiguity and improves consistency, as the answer
provides context that disambiguates underspecified questions. We provided detailed examples
to train annotators on in Table 3.2.

We also analyzed representative annotation cases to illustrate the task’s inherent com-
plexity, including easy positives, answer-dependent decisions, and annotation errors in both
directions. These examples are provided in Appendix A.1.

3.4.3 Dataset Statistics

The annotation process yielded approximately 443000 labeled triplets distributed across 15,211
queries (Table 3.4). We allocated 11,711 queries for training, 1500 for development, and 2000
for testing. For development and test splits, we annotated exactly 30 candidates per query;
training queries have a variable number of candidates (28.9+10.3 on average) due to filtering
of low-confidence annotations.

The dataset exhibits several properties that make it particularly challenging and realistic:

Answerability: Not all queries can be answered from the database. We find that 75.4%
of queries have at least one equivalent question among their top-30 candidates. This
reflects realistic deployment conditions where some user questions may not have pre-
existing answers.
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Table 3.2: Explained examples used during annotators training.

Positive Examples

Negative Examples

Query: Can a cat and a dog get along?
Question: Do cats like the company of dogs
and in the other way around?

Answer: If you are lucky, your cat and dog
can become friends within a couple of hours.
But that won’t usually happen. It takes time
for cats to adapt to the dogs and similarly for
the dogs to learn how to behave around cats.
Explanation: These questions are both asking
if Cats and dogs can be friends. The Answer
for the Question is also correct for the Query

Query: Who did kill Brutus?

Question: Who did Brutus kill?

Answer: Brutus was one of the leaders of the
conspiracy that assassinated Julius Caesar
Explanation: These questions are not asking
for the same thing. Moreover, the Answer for
the Question is not correct for the Query

Query: Can a person fall in love with another
person while he/she is already in love?
Question: Is it possible for people to love 2
person at the same time?

Answer: It is possible to love and be intimate
with more than one person at a time.
Explanation: These questions are both asking
if loving 2 people at the same time is possible.
The Answer for the Question is correct for both
Question and Query.

Query: What is the best restaurant in LA ?
Question: What is the best dish of the best
restaurant in LA?

Answer:The best dish of the best restaurant
in LA is Lobster Rolls

Explanation: Those questions are not asking
for the same thing. The query asks for a restau-
rant while the Question asks for a dish. More-
over, the Answer is not correct for the Query

Table 3.3: Explained examples used during annotators training.

Hard Negatives: On average, each query has 5.8 positive (equivalent) and 24.2 negative can-
didates. Crucially, these negatives are hard negatives: questions retrieved based on
semantic similarity that nonetheless have different meanings. This is far more challeng-
ing than random negative sampling and essential for training discriminative models.

Class Imbalance: The positive rate ranges from 16% (test) to 21% (train), reflecting the
inherent difficulty of finding truly equivalent questions among semantically similar can-
didates. This imbalance mirrors real-world retrieval scenarios.

3.4.4 Comparison with Existing Resources

We compare the Question Ranking Corpus with existing question similarity datasets in Ta-
ble 3.5. While several resources exist for question similarity tasks, they each lack one or more
properties essential for training effective DBQA models. QuoraQP (404K pairs) is widely
used for duplicate question detection but provides only pairwise labels without ranking setup
or answers. CQADupStack (48K pairs) includes answers for some questions but is domain-
specific (StackExchange forums) and uses random negatives. SemEval-2016 Task 3 supports
ranking and includes answers but is limited in size (4K pairs) and domain coverage. WikiAn-
swers (30M clusters) offers scale but lacks answer quality control and ranking annotations.
Finally, PopQA-TP (14K clusters) provides paraphrased questions but is limited to a closed
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Table 3.4: Question Ranking Corpus statistics across data splits.

Split Queries Candidates/Query Positive Rate
Train 11,711 28.9+10.3 21.1%
Dev 1,500 30 16.0%
Test 2,000 30 15.7%
Total 15,211

Table 3.5: Comparison of question similarity datasets. QRC uniquely combines ranking setup, answer
availability, hard negatives, and open-domain coverage.

Dataset Size Ranking Answers Hard Neg. Open Domain
QuoraQP 404K X X X v
CQADupStack 48K X Partial X X
SemEval-2016 4K v v X X
WikiAnswers 30M X v X v
PopQA-TP 14K X v X X
QRC (Ours) 443K v v v v
domain.

In contrast, the QRC is the first large-scale resource that combines all desirable properties
for DBQA research: (i) a ranking setup with multiple candidates per query, (ii) high-quality
answers shown during annotation, (iii) challenging hard negatives from neural retrieval, and
(iv) open-domain coverage across diverse topics.

3.5 Experiments

We conduct extensive experiments to validate the QUADRo system and the Question Ranking
Corpus. Our evaluation addresses several key research questions reported in Table 3.6.

Table 3.6: Research questions for question retrieval from large-scale databases.

RQ Research Question Section

RQ1 Does training on QRC improve retrieval and reranking performance §3.5.2, §3.5.3
compared to existing resources?

RQ2 Do answers provide useful signal for question retrieval, and how §3.5.2
should they be incorporated?

RQ3 What is the optimal input configuration for cross-encoder reranking? §3.5.3

RQ4 How does the end-to-end QUADRo pipeline compare against alter- §3.5.5

native QA approaches?

We first describe our experimental setup, then present results for retrieval (Section 3.5.2)
and reranking (Section 3.5.3) components individually, followed by end-to-end evaluation
(Section 3.5.4) and comparison with alternative systems (Section 3.5.5).
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3.5.1 Experimental Setup
Models and Training

We evaluate the QUADRo components described in Section 3.3: the bi-encoder retriever
(Sentence-RoBERTa) and cross-encoder reranker (ELECTRA). Both models follow the train-
ing procedure outlined in Sections 3.3.1-3.3.2, with hyperparameters selected via grid search
on the development set.

The choice of RoBERTa for retrieval and ELECTRA for reranking was driven by pre-
liminary experiments. For reranking, ELECTRA outperforms RoBERTa by +3.3 PQ1, +1.9
MAP, and 4+2.5 MRR in the QAQ configuration. For retrieval, Sentence-RoBERTa achieves
85.4 Pearson and 85.1 Spearman correlation on STS Benchmark, compared to 74.8/75.1 for
Sentence-ELECTRA and 76.4/77.3 for Sentence-DeBERTa-V3.

3.5.2 Retrieval Results

We evaluate using standard ranking metrics as defined in Chapter 2: P@1 (Precision at
1), MAP (Mean Average Precision), and MRR (Mean Reciprocal Rank), with PQ1 as the
primary accuracy measure. For end-to-end evaluation, we additionally report Hit@Qk and
accuracy based on manual annotation.

We first evaluate the bi-encoder retrieval component in isolation. The key question is
whether incorporating answers into the database representation improves retrieval quality.
We compare two configurations: QQ, which encodes only the database question, and QQA,
which concatenates the question with its answer. Both configurations encode the user query
identically (question only).

Table 3.7 presents the results on the QRC test set. The QQA configuration substantially
outperforms QQ across all metrics, with +5.0 PQ1 absolute improvement. This confirms that
answers provide valuable semantic signal for question matching. In this scenario, the answers
act as a “bridge” that helps identify equivalent questions even when the surface forms differ
significantly. For completeness in the table is also reported the performance of the model used
to build the dataset.

Table 3.7: Retrieval model performance on QRC test set. (*) This model is the one used to build
the dataset.

Configuration Pai MAP MRR
*S—ROBERT&QQA 39.1 39.1 50.4
S-RoBERTaqq 43.4 41.6 52.9
S-RoBERTagqa 484+ 04 45.6 + 0.4 58.3 £ 0.4

3.5.3 Reranking Results

The cross-encoder reranker operates on the top-k candidates returned by retrieval. Unlike the
bi-encoder, the cross-encoder can jointly model interactions between query, database question,
and answer. We evaluate four input configurations to understand how best to leverage this
capacity:

e QA: Query and answer only (ignoring the database question)
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¢ QQ: Query and database question only (ignoring the answer)
e QQA: Query, database question, then answer

¢ QAQ: Query, answer, then database question

We also compare against QP-RoBERTa, the state-of-the-art cross-encoder for question
pair similarity trained on Quora Question Pairs. Table 3.8 presents results on the QRC test
set.

Table 3.8: Reranking model performance on QRC test set. State-of-the-art cross-encoders for
question pairs (Reimers and Gurevych, 2019a).

Configuration P@il MAP MRR
ELECTRAQA 37.1 + 0.6 40.4 + 0.2 49.5 + 0.3
ELECTRAqq 50.0 + 0.2 477+ 0.3 59.5 £ 0.2
ELECTRAQqa 49.3 + 0.2 476 + 0.1 59.2 + 0.1
ELECTRAQaq 50.8 £ 0.2 48.4 + 0.1 60.2 + 0.1
QP-RoBERTap 0" 43.5 41.8 54.4
QP—ROBERTalargeT 45.6 43.5 56.0

Results highlight the following key observations:

Answer Position Matters. The QAQ configuration (query-answer-question) outperforms
QQA (query-question-answer) by +1.5 PQ@Q1. This suggests that placing the answer between
the query and database question allows the model to first assess query-answer relevance, then
verify question-question equivalence.

Question-Only Underperforms. The QA configuration (ignoring the database question
entirely) performs worst, confirming that both the database question and answer contribute
to accurate ranking.

Superior to Prior Art. Our models substantially outperform prior state-of-the-art cross-
encoders for question pairs (QP-RoBERTa), demonstrating the value of training on QRC with
answer-aware inputs.

3.5.4 End-to-End Pipeline Performance

Having evaluated retrieval and reranking components individually, we now assess the com-
plete QUADROo pipeline. The end-to-end system combines S-RoBERTagqa for retrieval with
ELECTRAQaq for reranking: the best configurations identified in the previous experiments.

We measure performance using Hit@k: the proportion of queries for which at least one
equivalent question (and thus a correct answer) appears in the top-k results. This metric
captures the system’s ability to surface correct answers at different ranking depths. Figure 3.2
compares retrieval alone against the full pipeline with reranking.

The reranker improves Hit@1 from 42.6% to 46.6% (+4.0% absolute), demonstrating con-
sistent benefit from two-stage ranking. However, a significant gap remains between system
accuracy (46.6%) and the upper bound of answerable queries (75.4% at k = 30), indicating
opportunities for future improvement.
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Figure 3.2: Hit rate at different cutoffs for retrieval alone (blue) and the full pipeline with reranking
(orange).

Latency Analysis

We analyze QUADRO’s efficiency on an NVIDIA A100 GPU with the 6.3M pair database.
The system achieves sub-second latency across configurations. Total latency scales linearly
with the number of reranked candidates. Retrieving and reranking 500 candidates takes ap-
proximately 530ms, while 50 candidates requires only 140ms. The majority of time is spent in
cross-encoder reranking; retrieval via exhaustive cosine similarity search remains constant at
approximately 15ms regardless of the number of returned candidates. These latency character-
istics confirm that DBQA offers substantial efficiency advantages over generative approaches.
While state-of-the-art LLMs typically require multiple seconds per query, QUADRo delivers
answers in under 150ms when reranking 50 candidates which fast enough for interactive appli-
cations. Moreover, production deployments could achieve even lower latencies: retrieval can
be accelerated using approximate nearest neighbor indices (e.g., FAISS (Douze et al., 2025)
with IVF or HNSW, OpenSearch), while the cross-encoder reranker can be compiled and op-
timized using frameworks like TensorRT (Jeong et al., 2022). Figure 3.3 show the latency at
various database size cutoff.

3.5.5 Comparison with Web-based QA and LLMs

The experiments so far have evaluated QUADRo on the Question Ranking Corpus, demon-
strating the value of our dataset and architectural choices. However, a natural question arises:
how does database-based QA compare against alternative paradigms in realistic open-domain
settings? To answer this question, We compare QUADRo against two fundamentally different
approaches to question answering:

e Web-based QA: Systems that retrieve documents from the web and extract answers
from text. These systems have access to virtually unlimited knowledge but must identify
relevant passages and extract precise answers.

e Large Language Models: Models that generate answers from parametric knowledge
acquired during pre-training, without accessing external sources. These systems offer
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Figure 3.3: Latency of the end-to-end QUADRo system with different size cutoff of the DB. Values
are averaged over 200 executions.

flexibility but may hallucinate or lack specific factual knowledge.

This comparison helps characterize the strengths and limitations of the DBQA paradigm:
when does retrieving from a curated database outperform searching the web or querying an
LLM?

Baseline Systems

WebQA. A web-based QA pipeline using Bing search engine for document retrieval and a
state-of-the-art answer sentence selector (Lauriola and Moschitti, 2021a) for answer extraction.
This represents a strong retrieve-and-rank baseline with access to web-scale knowledge.

LLMs. We evaluate Falcon-7B (ZXhang et al., 2023) and Vicuna-7B-v1.5 (Chiang et al.,
2023) in zero-shot settings, where models generate answers from parametric knowledge with-
out external retrieval. We use a structured prompt with two examples to elicit well-formed,
concise answers.

Answer the question below. The answer must be [well-formed and concise].
The only accepted format is the following:

Question: [here the question]

Answer: [here the answer]

Here you have some examples:

Example 1:

Question: what is an apple?

Answer: An apple, (Malus domestica), is a domesticated tree and fruit
of the rose family (Rosaceae), one of the most widely cultivated tree
fruits. Apples are predominantly grown for sale as fresh fruit, though
apples are also used commercially for vinegar, juice, jelly, applesauce,
and apple butter and are canned as pie stock

Example 2:
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Question: What is the largest airport in the world by travelers?

Answer: Atlanta Hartsfield-Jackson International Airport (ATL) is the
larger airport in the world with 75,704,760 total passengers.
Airport (DXB) is the second busiest airport, followed by Tokyo International

Airport (HND) which is the third.
Ok, let's begin!
Question: {input-question}

Evaluation Setup

Dubai International

We sample questions from three open-domain sources not included in our database or
training set. The samples aim to test the system in different scenarios:

e Quora (200 questions): Open-domain questions from QuoraQP that were held out from
training. These questions tend to be underspecified and conversational.

o Natural Questions (200 questions): Questions sampled from Google search traf-
fic (Kwiatkowski et al., 2019). Each question is designed to have a Wikipedia article
containing the answer, making this favorable for web-based systems.

o TriviaQA (150 questions): Challenging trivia questions authored by enthusiasts (Joshi
et al., 2017). These are complex, compositional questions that test deep knowledge.

Answers are manually evaluated for correctness by expert annotators.

Results
Table 3.9 presents end-to-end QA accuracy.

Table 3.9: End-to-end QA accuracy (%) on open-domain benchmarks.

System Quora NQ TriviaQA
WebQA (Bing + Reranker) 35.0 56.0 27.0
Falcon-7B 58.0 40.0 40.6
Vicuna-7B v1.5 25.0 40.0 21.0
QUADRo (Full) 58.0 50.5 29.3

—w/o QRC training 53.0 47.0 28.0

— w/o neural retrieval 39.0 37.5 29.3

— w/o reranker 51.5 40.0 19.0

— w/o answer in input 50.0 45.0 25.3

QUADRo vs. WebQA. QUADRo substantially outperforms WebQA on Quora (58%
vs. 35%) where questions are often underspecified and hard to answer via document retrieval.
On Natural Questions, WebQA performs better (56% vs. 50.5%) since NQ questions are
specifically designed to have Wikipedia answers, matching Bing’s strengths. Performance is

comparable on TriviaQA.

QUADRo vs. LLMs. QUADRo matches Falcon-7B on Quora (58%) and outperforms
both LLMs on Natural Questions (50.5% vs. 40%). LLMs struggle with factual questions re-
quiring specific knowledge not reliably encoded in their parameters. However, Falcon performs
best on TriviaQA, possibly due to trivia content in its training data.
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Ablation Analysis. The ablation rows demonstrate the contribution of each QUADRo
component:

o Training on QRC provides +5% on Quora, +3.5% on NQ

o Neural retrieval (vs. BM25) provides +19% on Quora, +13% on NQ

o The reranker provides +6.5% on Quora, +10.5% on NQ

o Answer-aware inputs provide +8% on Quora, +5.5% on NQ

Each component contributes meaningfully, with neural retrieval being the most impactful.

Key Findings

QRC Training Improves Performance (RQ1). Training on the Question Ranking Cor-
pus yields consistent improvements over existing resources: +5% accuracy on Quora and
+3.5% on Natural Questions compared to models trained only on QuoraQP. Our reranker sub-
stantially outperforms prior state-of-the-art cross-encoders for question pairs (QP-RoBERT4),
achieving +5.2 P@1 improvement on the QRC test set. The gains stem from two key proper-
ties of QRC: answer-aware annotations that reduce ambiguity, and hard negatives from neural
retrieval that force models to learn fine-grained semantic distinctions. ask-specific training
data with challenging negatives is essential for effective question ranking.

Answers Are Essential for Question Retrieval (RQ2). Incorporating answers provides
substantial benefits at every stage of the pipeline. In retrieval, the QQA configuration (en-
coding question-answer pairs) outperforms the answer-agnostic QQ configuration by +5 PQ1,
indicating that answers produce more discriminative embeddings. During annotation, show-
ing answers to crowdworkers reduced disagreement and error rates by 45%, as answers dis-
ambiguate underspecified questions. Even the ablation removing answers from end-to-end
evaluation shows -8% accuracy on Quora. Answers serve as a semantic bridge that helps
identify equivalent questions even when their surface forms differ significantly.

Answer-First Ordering Is Optimal for Reranking (RQ3). Among the four input con-
figurations tested (QQ, QA, QQA, QAQ), the QAQ configuration (query-answer-question)
achieves the best reranking performance, outperforming QQA by +1.5 PQ1. The QA config-
uration, which ignores the database question entirely, performs worst (37.1% P@1 vs. 50.8%
for QAQ), confirming that both question and answer information are necessary. Placing the
answer between query and database question creates an optimal information flow: the model
first assesses query-answer compatibility, then verifies question-question equivalence.

DBQA Is Competitive with Web-based QA and LLMs (RQ4). QUADRo matches
or outperforms alternative paradigms across open-domain benchmarks. On Quora, QUADRo
achieves 58% accuracy, matching Falcon-7B and substantially outperforming WebQA (+23%).
On Natural Questions, QUADRo reaches 50.5%, outperforming both LLMs tested (4+10.5%
over Falcon-7B). Crucially, QUADRo delivers answers in 140ms when reranking 50 candi-
dates, compared to multiple seconds for LLM generation. The ablation analysis confirms each
component’s contribution: neural retrieval provides +19% over BM25, the reranker adds
+6.5-10.5%, and answer-aware inputs contribute +5.5-8%. DBQA offers a practical trade-
off between accuracy and efficiency, with transparent provenance that generative approaches
cannot provide.
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3.6 Discussion

3.6.1 The Role of Answer Context

The consistent benefit of incorporating answers across all pipeline stages: retrieval, ranking,
and annotation, suggests a deeper principle: in DBQA, answers are not merely the output
but an integral part of the matching process. This has practical implications for system
design. First, answer quality directly impacts retrieval accuracy; a database with incorrect
or outdated answers will produce poor results regardless of model sophistication. Second,
investing in answer verification and quality control can yield improvements beyond what
model enhancements alone can achieve. Future DBQA systems should therefore prioritize
answer curation as much as retrieval model development.

3.6.2 DBQA in the QA Landscape

Our comparison with WebQA and LLMs reveals complementary strengths rather than clear
winners. DBQA offers several advantages: guaranteed factual answers when the database
contains relevant pairs, fast inference without expensive generation, transparent provenance
that lets users see which question matched, and easy knowledge updates without retraining.

However, DBQA also has inherent limitations: it cannot answer questions outside database
coverage, is sensitive to database quality, and requires significant upfront investment in
database construction.

These trade-offs suggest that DBQA is best viewed not as a replacement for other paradigms
but as a complementary component. Hybrid systems could leverage DBQA for covered ques-
tions, exploiting its speed and accuracy, while falling back to generative approaches for novel
questions. The reranking confidence score provides a natural mechanism for triggering such
fallback.

3.6.3 Error Analysis

While QUADRo achieves competitive performance, understanding its failure modes is essential
for guiding future improvements. We manually examined 100 incorrectly answered queries
from the test set, categorizing errors by their underlying cause.

The most common error type (42%) is semantic similarity without equivalence: the system
ranks highly questions that are topically related but not truly equivalent. For example,
“What is the capital of France?” may retrieve “ What are major cities in France?” which is
semantically similar but requiring a different answer. This suggests that the model sometimes
captures topical relatedness rather than strict equivalence.

A second pattern (28%) involves lexical overlap bias. Despite neural modeling, the system
may rank “ What year was X born?” above more semantically similar paraphrases that use
different vocabulary (e.g., “ When did X come into the world?”). This indicates residual
reliance on surface-level matching that specialized pre-training (Chapter 4) may help address.

The remaining errors (30%) stem from database coverage gaps: the database simply lacks
any equivalent question. In these cases, even perfect ranking would not help. Expanding
coverage through automated question-answer pair generation, or falling back to generative
approaches when confidence is low, could address this limitation.
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3.6.4 Relationship to Document Retrieval

While this chapter focuses on question-to-question retrieval, the techniques developed here
relate to broader information retrieval research. Three key differences distinguish question
retrieval from document retrieval. First, question retrieval is inherently symmetric, if g;
is equivalent to gj, then g¢; is equivalent to g;, whereas document retrieval is asymmetric
since a query relates to a document but not vice versa. This symmetry enables different
training strategies and evaluation metrics. Second, questions are typically short, 12 tokens on
average in our database, while documents span paragraphs or pages, affecting both encoding
strategies and the role of lexical overlap. Third, our QQA configuration uses answers as a
bridge between query and database question, which has no direct analog in document retrieval,
though passage-level retrieval shares some characteristics.

These relationships inform the document retrieval coherence work in Chapter 5, where we
apply question clustering concepts to improve retrieval consistency.

3.6.5 Limitations

This work has several limitations. In terms of coverage, our database and evaluation focus ex-
clusively on English questions; extending to multilingual settings requires additional resources
and cross-lingual modeling techniques, which we address partially in Chapter 5. Addition-
ally, the current system targets factoid questions with verifiable answers, while subjective,
opinion-based, or multi-part questions require different handling.

Regarding the database itself, our collection represents knowledge at a specific point in
time; production systems would require mechanisms for updating answers, removing outdated
pairs, and handling temporal queries (e.g., “ Who is the current president?”). Furthermore,
system accuracy is bounded by answer quality in the database as incorrect or outdated answers
cannot be corrected through improved retrieval alone.

Finally, we return only the answer from the top-ranked pair. Some questions may ben-
efit from aggregating information across multiple similar questions or presenting alternative
answers with confidence scores.

3.7 Conclusion

This chapter addressed the first core challenge of this thesis: retrieving semantically equivalent
questions from large-scale databases. We presented QUADRo, a comprehensive framework
for Database-based Question Answering, and made the following contributions:

1. A large-scale database of 6.3 million question-answer pairs from diverse high-quality
sources, enabling question retrieval at scale

2. The Question Ranking Corpus (QRC), the first large-scale dataset specifically designed
for question retrieval with answer-aware annotations and hard negatives (443,000 anno-

tated examples)

3. Extensive experiments demonstrating that incorporating answers substantially improves
both retrieval (+5 P@1) and ranking accuracy
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4. Evidence that neural retrieval is essential for semantic matching at scale (+19% over
BM25), and that our system achieves competitive performance with web-based QA and
LLMs while offering sub-second latency

Our findings establish question retrieval as a viable paradigm for factual question answer-
ing, offering advantages in accuracy, efficiency, and transparency. The resources introduced:
(i) the database, (ii) QRC dataset, and (iii) trained models are released to support future
research.

Crucially, this chapter provides the foundation for subsequent contributions. The question
retrieval models developed here, while effective, follow a standard paradigm: pre-training on
general semantic similarity data followed by fine-tuning on task-specific annotations (QRC).
This raises a natural question: can we design pre-training objectives that are specifically
aligned with question ranking, reducing dependence on expensive annotations?

Chapter 4 addresses this question by introducing Question Ranking Pre-training (QRP),
which leverages the question-answer database itself to create self-supervised training signal.
We show that pre-training on ranking perturbation detection yields specialized representations
that further improve retrieval accuracy while reducing annotation requirements.

Beyond pairwise equivalence, the concept of semantic equivalence naturally extends to
clusters of questions sharing the same information need. Chapter 5 makes this extension
explicit, demonstrating that question clusters can ground LLM responses and ensure coher-
ent document retrieval. Finally, the question retrieval infrastructure developed here enables
applications beyond direct question answering. Chapter 6 demonstrates that retrieving se-
mantically equivalent questions can transform proprietary datasets into public alternatives,
addressing both privacy concerns in data sharing and contamination issues in benchmark
evaluation.
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Chapter 4

Specialized Pre-Training for
Question Ranking

The previous chapter established the foundations for question retrieval from large-scale databases,
demonstrating that neural models trained on the Question Ranking Corpus (QRC) signifi-
cantly outperform lexical baselines. However, a fundamental question remains: can we further
improve these models by designing pre-training objectives that are specifically aligned with
the question ranking task?

Standard pre-training objectives like Masked Language Modeling (MLM) are designed
for general language understanding and do not explicitly capture the semantics of question
equivalence or the structure of ranking tasks. While supervised fine-tuning on task-specific
annotated data substantially improves performance, acquiring such data is expensive and
time-consuming. For example, constructing the QRC dataset described in Chapter 3 required
extensive annotation effort through Amazon Mechanical Turk, with costs estimated at $2-3
per query for expert-quality labels on 30 ranked candidates.

This motivates the development of effective pre-training techniques that can reduce the
amount of task-specific supervision required to achieve strong performance. In this chapter,
we address this gap by introducing a novel unsupervised pre-training method specialized for
question retrieval and ranking. Our approach, which we call Question Ranking Pre-training
(QRP), leverages two key innovations:

1. Knowledge Distillation from Retrieval: We use the trained bi-encoder retrieval
model from Chapter 3 to generate rankings of question-answer pairs for millions of
queries, effectively distilling the retrieval model’s learned similarity function into training
data.

2. Ranking Corruption Detection: We create a self-supervised task by randomly swap-
ping the top-ranked question-answer pair with another candidate, then training models
to detect whether rankings have been corrupted. This forces models to learn internal
representations of query semantics from the relationships between candidates.

A crucial insight underlying our method is that question retrieval implicitly creates clusters
of semantically equivalent questions. When we query a database with a question, the retrieval
model returns a ranked list of similar questions that effectively form a cluster around the same
information need. This implicit clustering structure contains rich information about question
semantics that can be distilled into a pre-training objective. Importantly, while this concept
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of question clusters is implicit in this chapter, it will be made explicit in Chapter 5, where
we demonstrate that clusters of equivalent questions can ground LLM responses, and ensure
coherent document retrieval.

The pre-training task is designed with a crucial constraint: the original query is not pro-
vided to the model during pre-training. Instead, the model must learn to internally reconstruct
the query’s semantic properties by analyzing relationships between the ranked question-answer
candidates. This constraint ensures that the model learns robust representations of question
semantics that transfer effectively to downstream ranking tasks.

To illustrate, imagine a retrieval system returns the following candidates for an unknown
query: (1) “How many bones in the human body?” [answer: 206], (2) “ What bones make up
the skeleton?” [answer: 206 bones..], (3) “How many muscles in the body?” [answer: over
600]. A human can tell that candidate (3) does not belong with the others, even without
seeing the original query. QRP trains models to make exactly this judgment: detecting
which candidate has been swapped into the top position, forcing the model to learn question
equivalence patterns from candidate relationships alone.

This chapter makes the following contributions:

1. Novel Pre-Training Objective: We introduce Question Ranking Pre-training (QRP),
the first unsupervised pre-training method specifically designed for question ranking
tasks. Unlike existing pre-training objectives that target general language understanding
or answer selection, QRP directly models the ranking task structure.

2. Large-Scale Training Data Generation: We develop a pipeline for generating 18
million pre-training examples using a basic DBQA system with 38 million question-
answer pairs. The data generation process leverages knowledge distillation from a re-
trieval model while introducing controlled perturbations to create the self-supervised
task.

3. Comprehensive Evaluation: We conduct extensive experiments on three bench-
marks: QRC (question ranking), Quora-match (question similarity classification), and
SemEval-2016 (community QA). Results demonstrate consistent improvements over
both general pre-training methods (MLM, RTS, STS) and standard knowledge distilla-
tion approaches.

4. State-of-the-Art Performance: Our approach achieves state-of-the-art results on
QRC (+1.05% P@1 over the public checkpoint baseline, statistically significant with
p-value=0.0005) and competitive performance on Quora-match. Combining QRP with
modern distillation techniques yields further gains (+1.19% P@1 on QRC).

5. Analysis and Insights: We provide detailed analysis showing that: (i) including
the query during pre-training degrades performance by making the task too easy, (ii)
QRP substantially reduces model variance across runs, improving stability, and (iii) the
benefits transfer across different question ranking scenarios.

The remainder of this chapter is organized as follows. Section 4.1 describes the Question
Ranking Pre-training method, including the DBQA system for data generation, the data cre-
ation pipeline, and the pre-training objective. Section 4.2 presents our experimental setup.
Section 4.3 reports comprehensive results across multiple benchmarks. Section 4.4 discusses
implications, limitations, and connections to subsequent chapters. Finally, Section 4.5 con-
cludes the chapter.
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4.1 Question Ranking Pre-Training Method

Existing pre-training objectives, including token-level methods such as MLM and ELECTRA
and sentence-level methods such as NSP and contrastive learning, are not specifically designed
for question ranking (see Section 2.3.3 for a comprehensive review of pre-training methods).
In this scenario, our QRP approach fills this gap by combining: (i) explicit modeling of
ranking structure over multiple candidates, (ii) knowledge distillation from retrieval models,
(iii) self-supervised corruption detection without access to the original query, and (iv) specific
targeting of question-question similarity.
The method consists of three main stages:

1. Expanding the DBQA System: We scale the question-answer database from Chap-
ter 3 from 6.3M to 38M pairs, reusing the trained bi-encoder retrieval model from that
chapter.

2. Generating Ranking Data: We use the system to retrieve ranked question-answer
pairs for millions of queries, then apply controlled perturbations to create pre-training
examples.

3. Pre-Training with Ranking Detection: We train Transformer models to detect
whether rankings have been corrupted, forcing them to learn question semantics from
candidate relationships without access to the original query.

The following subsections detail each stage.

4.1.1 Question-Answer Database System

Our pre-training data generation relies on a DBQA built upon the same architecture as the
one introduced in Chapter 3. The system consists of two components: a large-scale database
and a trained retrieval model.

Database

Generating millions of diverse pre-training examples requires a database substantially
larger than the 6.3 million pairs used in Chapter 3. A larger and more varied database
ensures that pre-training data covers a broad range of question types, topics, and linguistic
patterns, thus reducing the risk of overfitting to specific domains. We therefore expand the
database to approximately 38 million pairs by combining two sources:

Original QUADRo Database (6M pairs): We include all 6.3 million question-answer pairs
from the QUADRo database described in Chapter 3, Section 3.2. This provides high-
quality pairs from diverse sources including GooAQ, WikiAnswers, WQA, CovidQA,
HotpotQA, and filtered Quora/ELI5 pairs.

PAQ Database (32M pairs): We augment with pairs from the Probably Asked Questions
(PAQ) dataset (Lewis et al., 2021), which originally contains 65 million automatically
generated questions from Wikipedia passages. Since PAQ was constructed using ques-
tion generation models, it contains noise from incorrect or low-quality question-answer
associations. To ensure quality, we filter PAQ pairs using the Answer Sentence Selection
(AS2) model from Lauriola and Moschitti (2021a), and retain only the top 50% with
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the highest confidence scores. This filtering yields approximately 32 million high-quality
pairs that complement the manually curated QUADRo data.

This combination balances quality (from QUADRo) with scale (from PAQ), ensuring that
pre-training data reflects both well-formed question patterns and the noisy, varied questions
that models encounter in real-world applications.

Retrieval Model

We reuse the bi-encoder retrieval model trained in Chapter 3. This model is based on
MiniLM-L12-v2 (Wang et al., 2020a), a distilled version of BERT with 12 layers, 384 embed-
ding dimensions, and approximately 33 million parameters, providing a good balance between
accuracy and efficiency for large-scale retrieval. As described in Section 3.3.1, the model was
fine-tuned on QRC using the QQA configuration: the query branch encodes questions only,
while the database branch encodes question-answer pairs concatenated with [SEP] tokens.

The retrieval model achieves strong performance on question similarity while remaining
computationally efficient (33M parameters vs. 110M+ for typical reranking models). Im-
portantly, this model is not intended to be state-of-the-art: it serves as a knowledge source
for generating pre-training data. The model’s limitations and imperfections actually benefit
pre-training by introducing realistic noise and uncertainty that the student model must learn
to handle.

We pre-compute embeddings for all 38 million question-answer pairs offline, storing them
in a FAISS Flat index (Johnson et al., 2019b) with a full search. Given a query, retrieval
takes less than 100ms on CPU, enabling generation of millions of pre-training examples in
reasonable time.

4.1.2 Pre-Training Data Generation

The core idea is to leverage the DBQA retrieval model as an imperfect “teacher” for generat-
ing pre-training data without manual annotation. For any query, the retrieval model returns
a ranked list of similar questions that form an implicit cluster around the same information
need. By introducing controlled perturbations such as swapping the top-ranked item with
a lower-ranked one, we create examples where the model must distinguish correct from cor-
rupted orderings. More precisely, we omit the original query, requiring the model to infer
semantic relationships solely from the candidates and their arrangement. With this in mind,
we generated 18 million examples through four stages: query collection, candidate retrieval,
perturbation, and formatting. Figure 4.1 illustrates the complete data generation pipeline,
which proceeds through four stages: query collection, candidate retrieval, perturbation, and
formatting.

Query Collection

We collect 18 million query questions from three diverse sources:

WQA: Approximately 15K questions from the WebQuestions dataset (Zhang et al., 2022),
consisting of real user queries to a web search engine. These are typically short factoid
queries (e.g., “What is the capital of France?”).

GooAQ: Approximately 3 million questions derived from Google auto-complete suggestions
and People Also Ask boxes (Khashabi et al., 2021). These represent common information-
seeking queries with natural phrasing patterns.
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Q/A Database
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Figure 4.1: QRP data generation pipeline. Queries are processed through dense retrieval to obtain
top-5 rankings, then 50% are perturbed by swapping the top-ranked item with a random position. The
resulting 18M examples (balanced between original and perturbed) form the pre-training dataset.

PAQ: The remaining approximately 15 million questions are randomly sampled from the
PAQ dataset (Lewis et al., 2021). To avoid overlap with the database, we sample only
from questions that are not present in the 38M QA pairs used for retrieval. While these
automatically generated questions are less natural than real user queries, they provide
broad topical coverage across encyclopedic knowledge.

The diversity of sources ensures that pre-training data covers a wide range of question
types, topics, and linguistic patterns, preventing overfitting to specific question distributions.

Retrieval and Ranking

Given the collection of queries and the database with pre-computed embeddings, we gen-
erate ranked candidate lists that will serve as the basis for pre-training examples.
For each of the 18 million queries, we:

1. Compute the query embedding using the fine-tuned MiniLLM retrieval model

2. Compute cosine similarity between the query embedding and all 38M pre-computed
database embeddings

3. Sort the entire database by similarity and retrieve the top k = 5 question-answer pairs
4. Remove the query from the retrieved rank if it appears among the candidates

The last step is important: since the queries originate from datasets which are also part
of the database, the query itself might appear in the retrieved results. Removing it ensures
that the model cannot trivially identify the “correct” ranking by finding an exact match.

We use exhaustive search rather than approximate nearest neighbor methods to ensure
maximum retrieval quality, as the ranked candidates directly determine the quality of pre-
training signal. We set k = 5 as a trade-off: more candidates would provide richer context, but
encoding longer sequences is expensive during pre-training and risks exceeding the 512-token
limit of standard Transformer models. Each retrieved ranking consists of five triplets:

R = {(qh ai, 51)7 (Q2, az, 82), ceey (Q5,a5, 85)}

where ¢; is the i-th question, a; is its answer, and s; is the cosine similarity score with the
query.
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Importantly, the retrieved questions form an implicit cluster of semantically equivalent
questions around the query. While the questions may have different surface forms, they share
the same underlying information need. Table 4.1 illustrates this clustering phenomenon with
representative examples. This cluster structure plays a central role in our pre-training objec-
tive and anticipates the explicit question clusters introduced in Chapter 5. The underlying
idea is that, by learning to identify a cluster’s internal structure without access to its center
(the query), the model develops strong representations of semantic equivalence.

Table 4.1: Examples of retrieved question rankings for different queries. The retrieved questions form
implicit clusters around the same information need. The model sees only the ranked questions (not
the query) and must learn to detect perturbations.

Rank Question

Query: How many calories in a pineapple?

How many calories are in an pineapple?

How many calories in a whole pineapple?

How many calories does a pineapple have?

How many calories are in a serving of pineapple?
How many calories are in a piece of a pineapple?

Tl W N~

Query: How old is the sun?

How old is the Sun?

How old is sun?

How old can the Sun be?

What is the approximate age of the sun?
How long has the sun existed?

Uk W N~

Query: What is a cucumber?

What are cucumbers?

What is cucumber mean?

Tell me what is cucumbers?

What does cucumber mean?

What is the definition of cucumber?

Tk W N

Pre-training Example Construction

The key innovation of QRP is the ranking perturbation strategy. We randomly select 50%
of the retrieved rankings and apply the following perturbation:

1. Randomly select a position ¢ € {2,3,4,5} (not position 1)

2. Swap the question-answer pair at position 1 (highest ranked) with the pair at position 4
3. Keep all other pairs in their original positions

This creates two types of pre-training examples:

1. Original Rankings: Rankings where the retrieval model’s ordering is preserved. These
examples are labeled as correct=1.

2. Perturbed Rankings: Rankings where the top position has been corrupted by swap-
ping with a lower-ranked candidate. These examples are labeled as correct=0.
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The perturbation is designed to be both challenging and realistic. By swapping the top-ranked
pair with another retrieved candidate rather than a random question from the database, we
ensure that both pairs are semantically related to the query, yet are unlikely to be equally good
matches due to their different positions in the original ranking. The model must therefore
learn to detect subtle semantic distinctions in order to identify the corruption.

Each pre-training example is encoded as a concatenated sequence of question-answer pairs:

[CLS] q1 / a1 [SEP] g2 / ay [SEP] ... [SEP] ¢5 / as [EOS] (4.1)

Crucially, the original query is not included in the sequence. This is a fundamental design
decision: by omitting the query, we force the model to internally reconstruct what query
would have produced this ranking. As consequence, the model must learn to identify semantic
patterns shared by highly-ranked candidates and detect when a candidate is inconsistent with
the others.

The resulting Question Ranking Pre-training (QRP) dataset contains 18 million exam-
ples, evenly split between original and perturbed rankings. The dataset covers diverse ques-
tion types across factoid queries, definitional questions, how-to questions, and more complex
information needs.

4.1.3 Pre-Training Task and Objective
Task Definition and Training Objective

The pre-training task is formulated as binary classification: given a ranking of five question-
answer pairs, without the original query, predict whether the ranking is correct (label 1) or
has been corrupted by swapping (label 0).

Formally, let R = [(q1,a1),..., (g5, a5)] denote a ranking sequence and y € {0, 1} indicate
whether the ranking has been perturbed (y = 0) or remains original (y = 1). The model
outputs two logits from the [CLS] token representation:

20, 21] = fo(R) (4.2)

where fy is the Transformer encoder followed by a linear classification head. The predicted
class is selected as § = argmax; 2;.
We train using binary cross-entropy loss:

N

1 exp(zy,)
- -3 i 4.
Lanp N ; 8 exp(zo) + exp(z1) (4.3)

where N is the batch size and z,, is the logit corresponding to the true label y; € {0,1}.

The model architecture is a standard Transformer encoder. Based on preliminary exper-
iments comparing multiple architectures (Table 4.2), we select DeBERTa-v3-base (He et al.,
2023) (184M parameters) as it achieves the best baseline performance on QRC.

Design Rationale

The key insight underlying our task design is that to detect whether a ranking has been
corrupted, the model must implicitly reconstruct the query that generated the ranking. This
requires the model to:
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Table 4.2: Architecture selection based on QRC baseline performance (no additional pre-training).

Architecture Parameters P@il
BERT-base 110M 47.81
MiniLM-L12 33M 49.25
ELECTRA-base 110M 49.65
DeBERTa-v3-base 184M 50.82

1. Identify Semantic Patterns: Recognize properties shared by highly-ranked candi-
dates that suggest what the original query was asking.

2. Detect Inconsistencies: Identify when a candidate doesn’t match the inferred query
semantics.

3. Compare Relative Quality: Assess whether the top position contains the most query-
relevant pair compared to alternatives.

Consider the “How old is the sun?” example in Table 4.1. Questions 1-3 are nearly
identical paraphrases, while questions 4-5 use different phrasings such as “approximate age”
and “how long has existed”. To recognize that question 1 should be ranked highest, the model
must understand that direct paraphrases are more similar to the latent query than semantic
reformulations. This requires learning the fine-grained structure of question equivalence.

These capabilities directly transfer to the downstream ranking task, where the model must
identify which candidates are most semantically similar to a given query.

Why not include the query? We experimented with including the query during pre-
training (variant called QQRP - Query Question Ranking Pre-training), encoding examples
as:

[CLS] qquery [SEP] q¢1 / a1 [SEP] ... [EOS] (4.4)

However, this variant performed worse than QRP (see Section 4.3). Analysis of training
dynamics revealed that QQRP achieves near-perfect training accuracy within the first few
thousand steps, while QRP requires the full training period. This suggests that including the
query makes the task trivially easy. In this scenario, the model can solve it through simple
query-candidate matching without learning deep semantic patterns.

During fine-tuning, QRP-pretrained models converge faster and achieve better final per-
formance, indicating that the harder pre-training task forces learning of more transferable
representations.

Connection to Knowledge Distillation. The QRP data generation process inherently
performs knowledge distillation from the retrieval model. The rankings encode the retrieval
model’s learned similarity function, as the candidates ranked higher are more similar to the
query according to the retrieval model. By training on these rankings, the student model,
which is larger and more powerful than the retrieval model, learns to internalize this knowledge
while gaining additional capacity through the corruption detection task.

This can be viewed as a form of structured knowledge distillation:

1. Traditional distillation: Student matches teacher’s probability outputs on individual
examples
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2. QRP: Student learns to recognize patterns in teacher’s ranking behavior across multiple
candidates

The key difference is that QRP distills relational knowledge which is the ranking structure,
rather than pointwise knowledge which are the similarity scores, capturing richer semantic
information about question equivalence.

4.1.4 Training Procedure

The training process consists of two stages: unsupervised pre-training on the QRP dataset,
followed by supervised fine-tuning on the target task:

Pre-Training : We pre-train DeBERTa-v3-base on the QRP dataset using:

o Learning rate: 5 x 1076

o Batch size: 1024 (accumulated over multiple gradient steps)

o Optimizer: AdamW with linear warmup (10% of steps) and decay

e Loss: Cross-entropy

e Epochs: 2 epochs over 18M examples

e Hardware: Training on 8x NVIDIA V100 GPUs takes approximately 36 hours

Fine-Tuning : After pre-training, models are fine-tuned on each target dataset separately.
Based on findings from Chapter 3, we encode triplets using the QAQ configuration:

[CLS] Gquery [SEP] a; [SEP] ¢; [EOS] (4.5)

This places the answer between query and database question, which was shown to be
most effective for question ranking with cross-encoders.

Fine-tuning hyperparameters are selected via grid search:

o Learning rate: {1,2} x 10~{56}
» Batch size: {32,64,128,256}

o FEarly stopping based on validation performance

Model selection uses development set performance: PQ1 for QRC, ROC-AUC for Quora-
match.

4.2 Experimental Setup

We conduct extensive experiments to validate the Question Ranking Pre-training (QRP)
method. Our evaluation addresses several key research questions summarized in Table 4.3.
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Table 4.3: Research questions for specialized pre-training.

RQ Research Question Section

RQ1 Does QRP improve question ranking performance compared to §4.3.1

general-purpose pre-training objectives (MLM, RTS, STS)?

RQ2 Why does excluding the query during pre-training lead to better §4.3.1

downstream performance?

RQ3 How does QRP compare to knowledge distillation approaches, and §4.3.1

are they complementary?

RQ4 Do the benefits of QRP transfer to different datasets and task for- §4.3.2, §4.3.3

mulations (ranking vs. classification)?

RQ5 Does QRP reduce variance across training runs, leading to more §4.3.4

stable models?

4.2.1 Datasets

In order to answer our research questions, we evaluate pre-trained models on three benchmarks
representing different question ranking scenarios:
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1. Question Ranking Corpus (QRC): the dataset introduced in Chapter 3, consisting

of 15,211 queries with 30 annotated question-answer candidates each, split into training
(11711 queries), development (1500), and test (2000) sets. Performance is measured
using standard ranking metrics as defined in Chapter 2: PQ1, MAP, and MRR. QRC
is the primary evaluation benchmark as it most closely matches the pre-training task:
open-domain question ranking in DBQA contexts.

. Quora-match: a large dataset of approximately 200,000 question-question-answer

triplets for binary classification of question equivalence (Wang et al., 2020b). Each
example contains two questions and an answer, and the task is to determine whether
the questions are semantically equivalent. The dataset is imbalanced (35% positive,
65% negative), so we focus on: ROC-AUC (primary metric), Accuracy, and F1 Score.
Quora-match tests whether pre-training benefits transfer to pairwise classification set-
tings, which are common in duplicate question detection applications. Details on how
the dataset has been built are available in Section 2.8.

. SemEval-2016 Task 3: the SemEval-2016 Community Question Answering shared

task (Nakov et al., 2016b) evaluates question-question similarity in forum contexts.
Each query is associated with 10 related questions from Qatar Living forums. The
dataset contains 387 queries total.

We use this as a transfer learning benchmark: models are trained on QRC and directly
evaluated on SemEval without additional fine-tuning. This tests whether the learned
representations generalize to community QA settings, which differ from open-domain
QA in several ways:

o Conversational style and informal language (e.g., “Hi Guys; I need to open a new
bank account. Which is the best bank in Qatar?”)
o Domain-specific context (Doha, Qatar)

o Smaller ranking depth (10 candidates vs. 30 in QRC)
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4.2.2 Baselines

We compare our QRP method against several baselines to isolate the contribution of dif-
ferent components. The baselines are organized into three groups: (i) standard pre-training
objectives applied to the same data, to test whether the QRP task itself is essential; (ii) a vari-
ant that includes the query, to validate our query-exclusion hypothesis; and (iii) knowledge
distillation approaches, to compare implicit distillation through ranking data with explicit
distillation during fine-tuning. In light of this the used baselines are:

Public Checkpoint. DeBERTa-v3-base without additional pre-training, fine-tuned di-
rectly on target datasets. This represents the standard transfer learning baseline.

Standard Pre-Training Objectives. To ensure fair comparison, we implement several
general pre-training objective, details about these approaches can be found in Section 2.3.2,
and train them on the same 18M QRP data:

o MLM: Masked Language Modeling (Devlin et al., 2019b) . In short, the method masks
15% of tokens and predict them

o RTS: Random Token Swap (Di Liello et al., 2022b). The method swap tokens and
detect which were swapped.

o STS: Semantic Textual Similarity (Reimers and Gurevych, 2019b). This approach
predicts similarity between questions

Using the same data for all baselines ensures that performance differences reflect the pre-
training objective rather than data scale or domain coverage.

ALL. A structural self-supervised pre-training method from Di Liello et al. (2022a) that
aims to simulate the AS2 task. Unlike the other baselines, this model was provided by the
original authors and was pre-trained on 600M examples (42x our data), so it is not directly
comparable but included for reference. Details on this technique are available in Section 2.3.3.

QQRP (Query-Question Ranking Pre-training). A variant of our method that includes
the original query alongside the top-5 q/a pairs. This tests our hypothesis that query exclusion
is essential.

Knowledge Distillation. Since QRP implicitly distills knowledge from the retrieval model,
we compare against explicit distillation approaches applied during fine-tuning;:

1. Hinton et al. (Hinton et al., 2015): Standard distillation where the student model is
trained to match both ground-truth labels and teacher predictions:

Laistin = (1 = N) L (Y, 55) + ALmsE(5s, 5¢) (4.6)

where the loss (Equation 4.6) is defined as linear combination of (i) the CrossEntropy
loss between the student model prediction (ss) and label (y), and (ii) MSE between
the teacher (s;) and the student (ss) probability scores [0, 1], and A € {0,0.1,...,1} is
selected via validation.

2. Gabburo et al. (Gabburo et al., 2023): Uncertainty-weighted distillation that increases
loss weight for examples where the teacher is uncertain:

Laistin = Lce(y, ss) x (1 — s¢) (4.7)

This helps the student model learn to correct the teacher’s mistakes on difficult examples.
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Table 4.4: Results on QRC test set. Best results in bold. All experiments averaged over 5 runs with
standard deviation. All models use DeBERTa-v3-base architecture.

Setting PQil MAP MRR
Public checkpoint 50.8210.38 48.44 40,07 60.2310.23
Pre-Training Techniques
QRP (OUI'S) 51.87:|:0.17 48.87:‘:0.06 60.98:|:0.10
QQRP (With query) 51.0410.44 48.8740.18 60.63+0.20
MLM 50.2340.42 48.2540.18 99.9040.23
RTS 950.9540.42 48.6340.08 60.38+0.24
STS 50.974+0.49 48.60+0.95 60.360.41
ALL 50.8540.45 48.6810.23 60.2340.33
Distillation Approaches
Hinton et al. (2015) 51.5740.51 48.9510.15 60.86-0.24

+ QRP 51.2840.44 48.9710.13 60.6340.30
Gabburo et al. (2023) 50.9640.41 48.8440.94 60.4810.32
+ QRP 52.0140.34 49.141¢ 11 61.0249 30

We also test combinations of distillation with our QRP pre-training (denoted +QRP) to
determine whether they provide complementary benefits.

For distillation experiments, the teacher model is the MiniLM-L12-v2 retrieval model (33M
parameters) fine-tuned on QRC, and the student is DeBERTa-v3-base (184M parameters).
Interestingly, the student is 3x larger than the teacher, which is unusual but reflects practical
constraints: retrieval models must be smaller for efficiency while reranking models can be
larger for accuracy. All experiments are repeated 5 times with different random seeds to
measure variance. We report mean + standard deviation across runs and perform statistical
significance testing (paired t-test) to compare methods. A result is considered statistically
significant if p-value < 0.05.

4.3 Results and Analysis

We evaluate QRP on three benchmarks: QRC for question ranking, Quora-match for binary
classification, and SemEval-2016 for transfer learning. Each benchmark tests different aspects
of the learned representations.

4.3.1 Results on Question Ranking Corpus (QRC)

QRC is our primary benchmark, as it directly evaluates the question ranking task for which
QRP was designed. Table 4.4 reports performance on the QRC test set, comparing our QRP
approach with baselines.

Key Findings

QRP Outperforms General Pre-Training (RQ1). Our QRP method achieves 51.87%
P@1, improving over the public checkpoint baseline by +1.05 percentage points (p-value=0.0005,
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statistically significant). In contrast, general pre-training objectives (MLM, RTS, STS, ALL)
provide minimal or no improvement. Additionally, MLM slightly hurts performance (—0.59
P@1). This demonstrates that task-specific pre-training is crucial: simply pre-training on the
same data with generic objectives does not transfer effectively to question ranking.

Query Exclusion is Essential (RQ2). QQRP, which includes the query during pre-
training, underperforms QRP by —0.83 P@Q1 despite using identical data and task structure.
This validates our hypothesis: when the query is available, the task becomes too easy and the
model does not learn the deep semantic properties needed for ranking.

Reduced Variance (RQ5). An important but often overlooked benefit: QRP reduces
standard deviation by over 50% compared to the baseline (£0.17 vs. £0.38 for P@1). This
indicates that QRP not only improves average performance but also produces more stable
models, which is valuable for reproducibility and production deployment.

Distillation Provides Complementary Benefits (RQ3). Standard distillation (Hinton
et al., 2015) improves P@1 by +0.75 points (p-value= 0.0299), confirming that knowledge from
the retrieval model transfers to the reranking task. However, this improvement is smaller than
QRP, suggesting that the ranking corruption detection objective captures additional useful
structure beyond simple distillation.

The best overall performance (52.01% P@1) comes from combining QRP pre-training with
the Gabburo et al. (2023) uncertainty-weighted distillation during fine-tuning. This provides
+1.19 points over baseline (p-value=0.0023) and +0.14 points over QRP alone, indicating
complementary benefits. Interestingly, this combination works better than Hinton et al. (2015)
+ QRP, suggesting that uncertainty-weighted distillation is more complementary to our pre-
training objective.

4.3.2 Results on Quora-match

Table 4.5 reports performance on the Quora-match binary classification task.

Table 4.5: Results on Quora-match test set. Best results in bold.

Setting ROC-AUC Accuracy F1
Public checkpoint 96.9210.05 91.5640.98 87.8110.98
Pre-Training Techniques
QRP (ours) 97.059.03 91.3710.11 87.8640.25
QQRP (with query) 96.63+0.07 91.5540.16 87.76+0.27
MLM 96.78+0.06 91.06+0.14 87.0540.20
RTS 96.81+0.04 91.2240.14 87.4210.16
STS 94.4210,22 87.6110.38 82.43:&0‘32
ALL 97.00+0.09 91.35+0.60 87.2010.12
Distillation Approaches
Hinton et al. (2015) 92.14 4965 90.7410.69 86.5941.15

+ QRP 92.9441 065 90.5240.43 86.5940.61
Gabburo et al. (2023) 97.01:‘:0.07 91.67:|:0_12 87.9510‘05
+ QRP 97.2019.90 91.7710.12 88.0510.05
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Key Findings

Consistent but Smaller Gains (RQ4). QRP improves ROC-AUC by +0.13 points (p-
value=0.0412, marginally significant) and shows similar trends to QRC results. The smaller
improvements are expected for two reasons: (i) our pre-training is specifically designed for
ranking, while Quora-match is a binary classification task, and (ii) baseline performance is
already near ceiling (=97% ROC-AUC), making further improvements inherently limited.

STS Performs Poorly. Interestingly, the STS pre-training objective substantially hurts
performance on Quora-match (94.42% vs. 96.92% baseline). We hypothesize this is because
STS focuses on continuous similarity prediction, while Quora-match requires binary classifi-
cation. The mismatch between pre-training and downstream objectives degrades transfer.

Best Combination (RQ3). Again, combining QRP with (Gabburo et al., 2023) distil-
lation yields the best results: 97.20% ROC-AUC (p-value=0.0161), 91.77% accuracy, and
88.05% F1. This pattern mirrors QRC results, confirming that the approaches provide com-
plementary benefits across different task formats. The consistency across ranking and classi-
fication tasks suggests that QRP learns general question semantics rather than task-specific
patterns.

4.3.3 Transfer Learning: SemEval-2016

Table 4.6 reports transfer learning results: models are trained on QRC and directly evaluated
on SemEval-2016 without additional fine-tuning.

Table 4.6: Transfer learning results on SemEval-2016. Models are trained only on QRC and tested
on SemFEval without fine-tuning. Best results in bold.

Setting Pai MAP MRR
Public checkpoint 61.8541 08 62.304+0.81 69.890 .89
Pre-Training Techniques
QRP (OUI"S) 64.84;&1.03 64.77:‘:1‘29 72.7311.05
QQRP (with query) 64.3441 02 64.7341057 71.7440.592
MLM 63.1240.01 61.63+0.82 69.0040.81
RTS 63.1211 .80 62.57+1.10 70.771.07
STS 64.2911 95 65.0240.45 71.9940.99
ALL 65.9111 o5 66.6110 34 73.3340.26
Distillation Approaches
Hinton et al. (2015) 64.0411 50 64.7410.51 71.4810.49

+ QRP 64.1141 41 65.7640.92 72.0540.82
Gabburo et al. (2023) 63.2141 48 63.67+0.56 70.68+0.79
+ QRP 65.6840.85 65.83+0.41 72.77+0.50

Key Findings

Strong Transfer Performance (RQ4). Our QRP pre-training achieves +2.99 P@1 over
the baseline (statistically significant, p-value=0.002), with corresponding gains in MAP (42.47)
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and MRR (42.84). This is particularly impressive given that SemEval questions differ sub-
stantially from QRC: conversational style (e.g., “Hi Guys; I need to open a new bank account.
Which is the best bank in Qatar ?”), domain-specific context (Doha, Qatar), and smaller
candidate pools (10 vs. 30). The combination with Gabburo et al. (2023) distillation fur-
ther improves to +3.83 PQ1 (p-value=0.00063). These gains without any SemFEval-specific
fine-tuning demonstrate that QRP learns transferable question semantics rather than dataset-
specific patterns.

ALL Pre-Training Excels on SemEval. The ALL method achieves the best absolute
results on SemEval (65.91% P@1). However, this model was pre-trained on 600 million exam-
ples, which is 42x more data than our 18M examples, and was specifically designed for general
transfer across diverse tasks. Given this massive data scale difference, the competitive per-
formance of QRP is noteworthy and demonstrates the efficiency of task-specific pre-training.

Domain Generalization. The strong transfer performance demonstrates that QRP cap-
tures general question semantics that transfer across domains. Models trained only on open-
domain factoid questions (QRC) successfully generalize to conversational community QA (Se-
mEval), despite differences in style, vocabulary, and domain. Notably, QRP outperforms
MLM and RTS on transfer (64.84% vs. 63.12%), suggesting that the ranking corruption
detection task learns more transferable representations than token-level objectives. This gen-
eralization ability is valuable for deploying DBQA systems in new domains without requiring
domain-specific annotations.

4.3.4 Variance Reduction

An underappreciated benefit of QRP is variance reduction across random seeds. Table 4.7
compares standard deviations:

Table 4.7: Standard deviation comparison across 5 random seeds on QRC. QRP substantially reduces
model variance.

Method P@1 StdDev MAP StdDev Improvement
Public Checkpoint 0.38 0.07 —

QRP (ours) 0.17 0.06 -55% (Pal)
Gabburo et al. (2023) + QRP 0.34 0.11 -11% (P@1)

QRP reduces PQ1 variance by 55%, from +0.38 to £0.17. The reduction is more pro-
nounced for P@Q1 than for MAP (55% vs. 14%), suggesting that QRP particularly stabilizes
the model’s ability to identify the single best candidate. When combining QRP with dis-
tillation, variance increases slightly (£0.34), likely because distillation introduces additional
variability through the teacher’s soft labels, partially offsetting QRP’s stabilizing effect. This
stability is valuable for both research reproducibility and production deployment.
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4.4 Discussion

4.4.1 Why Does Query Exclusion Work?

The counterintuitive finding that excluding queries during pre-training improves downstream
performance deserves deeper analysis. We propose several complementary explanations.

First, query exclusion forces abstraction. Without access to the query, the model cannot
rely on shallow pattern matching between query and candidates. Instead, it must learn
to identify abstract semantic properties shared by highly-ranked candidates: properties like
“calorie questions,” “age/duration questions,” or “definitional questions.” These abstractions
transfer more effectively to new queries than query-specific matching patterns.

Second, the query-free formulation emphasizes relational learning. The model learns rela-
tionships between candidates rather than relationships to a query. This is particularly valu-
able for reranking, where the model must compare candidates to determine relative quality.
Training on candidate-candidate comparisons (implicitly, through corruption detection) may
be more aligned with the reranking objective than training on query-candidate comparisons.

Third, increased difficulty acts as regularization. Making the pre-training task harder
prevents overfitting to surface-level patterns. The model must develop robust internal rep-
resentations to solve the more difficult query-free task, and these representations generalize
better to downstream applications. This is analogous to findings in curriculum learning and
hard negative mining, where appropriately difficult training improves generalization.

Finally, query exclusion prevents shortcut learning. When queries are present, the model
may learn shortcuts: for example, simply checking lexical overlap between query and candidate
questions. These shortcuts work for pre-training but fail in real applications where lexical
variation is common. Removing the query eliminates the most obvious surface signal, forcing
the model to learn deeper semantic patterns.

4.4.2 Relationship to Question Clusters

The ranking corruption detection task reveals an important insight: to identify whether a
ranking has been perturbed, the model must learn to recognize the coherent structure of
question clusters without ever seeing their center. This is a stronger learning signal than
simply matching queries to candidates, because it requires understanding what properties
make a set of questions belong together.

This insight has implications beyond pre-training. If models can learn to recognize cluster
structure implicitly, they should also benefit from explicit cluster information at inference
time. Chapter 5 builds on this insight by making clustering explicit: we use question clusters to
ground LLM responses and to enforce consistency in document retrieval. The representations
learned through QRP provide a foundation for recognizing when questions belong to the same
equivalence cluster.

4.4.3 Complementarity of Distillation and Pre-Training

The best performance consistently comes from combining QRP with distillation, suggesting
complementary benefits:

e QRP teaches internal representations of question semantics through self-supervised
learning on large-scale data (18M examples). It provides broad coverage of question
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types and linguistic patterns.

o Distillation transfers specific similarity judgments from the retrieval model during
fine-tuning on task-specific data. It fine-tunes representations using retrieval model
knowledge on the target distribution.

QRP provides robust initialization through broad coverage, while distillation adapts these
representations to the specific task. The combination leverages both large-scale unsupervised
pre-training and targeted knowledge transfer.

4.4.4 Limitations

The QRP approach, while effective, has limitations that inform its applicability. In terms
of design trade-offs, our pre-training is specifically designed for question ranking. This spe-
cialization yields strong performance on the target task but limits transfer to other NLP
applications: answer selection requires different input formats, document retrieval operates
on longer texts, and general NLU tasks require broader understanding beyond semantic sim-
ilarity. The question arises: is task-specific pre-training worth the reduced generality? Our
results suggest yes for applications where question ranking is central, but practitioners should
weigh this trade-off. Additionally, QRP distills knowledge from a retrieval model, inheriting
both its strengths and weaknesses. A weak teacher produces noisy rankings that may limit
pre-training effectiveness; while we demonstrate that even imperfect rankings provide useful
signal, the quality ceiling is set by the teacher. This creates a bootstrapping challenge: better
teachers yield better QRP, but training better teachers requires the resources that QRP aims
to reduce. Regarding practical constraints, generating 18M pre-training examples requires
substantial resources: a 38M-pair question database, large storage, and GPU infrastructure
for embedding computation and pre-training. These requirements may limit accessibility for
resource-constrained organizations, though we note that this cost is a one-time investment
that can benefit multiple downstream applications, and is significantly lower than equiva-
lent human annotation costs. Furthermore, current QRP uses only English data. Extending
to multilingual settings would require multilingual retrieval models and question databases,
resources that are less mature than their English counterparts. The implicit clustering struc-
ture we exploit may also manifest differently across languages with varying morphological
complexity. Chapter 5 partially addresses the multilingual dimension through cross-lingual
coherence analysis across six languages.

Despite these limitations, QRP offers practical benefits: reduced annotation requirements
make DBQA more accessible to resource-constrained organizations, and lower variance sim-
plifies both research reproducibility and production deployment.

4.5 Conclusion

This chapter addressed a key limitation in question ranking: the reliance on expensive anno-
tated data for training effective models. We presented Question Ranking Pre-training (QRP),
a novel task-specific pre-training method, and made the following contributions:

1. A self-supervised pre-training objective that distills knowledge from retrieval models
through automatically generated ranking data, eliminating the need for manual anno-
tation
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2. A ranking corruption detection task that forces models to learn question semantics
without access to the original query, leading to more robust representations

3. Extensive experiments demonstrating consistent improvements across three benchmarks:
+1.05% P@1 on QRC (statistically significant, p-value=0.0005), +0.13% ROC-AUC on
Quora-match, and +2.99% P@1 on SemEval-2016 transfer learning

4. Evidence that task-specific pre-training substantially outperforms general objectives
(MLM, RTS, STS) on the same data, and that combining QRP with distillation yields
further gains (+1.19% P@1 on QRC dataset)

5. Analysis showing that QRP reduces model variance by over 50%, improving stability
and reproducibility across random seeds

Our findings establish that pre-training objectives should be designed to match the struc-
ture of downstream tasks: the ranking corruption detection task directly prepares models for
question ranking in ways that token-level or sentence-level objectives cannot. Future work
could extend this principle through multi-task pre-training, adaptive perturbation strategies,
and multilingual settings. The methodology and pre-trained models are released to support
such investigations.

Crucially, this chapter revealed that question retrieval implicitly creates clusters of seman-
tically equivalent questions. When retrieving candidates for a query, the returned questions
form a cluster around the same information need. By learning to recognize this cluster struc-
ture without seeing the cluster center (the query), models develop robust representations of
question equivalence. This insight motivates Chapter 5, where we make clustering explicit:
we use question clusters to ground LLM responses and train document retrieval models to be
cluster-coherent, returning consistent results for all questions in an equivalence cluster.
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Chapter 5

Question Clustering for Model
Coherence

The previous chapters established that question retrieval implicitly creates clusters of seman-
tically equivalent questions. When querying a database, the retrieval model returns questions
that share the same underlying information need, forming a cluster around that need. Chap-
ter 4 showed that learning to recognize this cluster structure, without access to the cluster
center (the query), leads to robust representations of question equivalence. A natural ques-
tion arises: can we leverage these question clusters to improve the behavior of downstream
systems? Consider an LLM that correctly answers “ What is the boiling point of water?” but
fails on “At what temperature does water boil?”. The model possesses the required knowledge
yet cannot access it reliably across phrasings, a coherence failure rather than a knowledge
gap. Can equivalent question clusters help the model overcome this fragility?

The works in this chapter explore a fundamental property that question clusters can help
enforce: coherence. We define coherence as the ability of a system to produce consistent
outputs for semantically equivalent inputs. A coherent question answering system should
provide the same answer whether asked “How many calories in a cucumber?” or “What is
the calorie count of a cucumber?”. Similarly, a coherent retrieval system should return the
same documents, with the same rank, for both queries. A lack of coherence suggests that the
system’ s understanding is fragile and relies primarily on superficial patterns rather than on
deeper semantic representations.

We investigate coherence in two complementary settings:

1. Large Language Model Coherence: We analyze whether state-of-the-art LLMs
provide consistent answers when presented with different phrasings of the same ques-
tion. Our analysis reveals significant coherence gaps across multiple models. We then
show that augmenting prompts with clusters of equivalent questions, retrieved from
a question database, substantially improves both coherence and accuracy. This tech-
nique, which we call question-augmented generation (q-RAG), leverages the redundant
semantic signal from multiple equivalent phrasings to help LLMs better access their
parametric knowledge. We further demonstrate that q-RAG’s benefits can be distilled
into model parameters through coherence-aware training, producing standalone models
with improved coherence that surpass the inference-time approach.

2. Document Retrieval Coherence: We analyze whether dense retrieval models return
consistent document rankings for equivalent queries. Our analysis reveals that even
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well-trained models exhibit substantial sensitivity to query phrasing. We introduce
a Coherence Ranking Loss that explicitly penalizes inconsistencies between rankings
produced by equivalent queries, improving both coherence and retrieval accuracy.

The coherence theme emerged naturally from the work presented in previous chapters. While
developing the QUADRo system (Chapter 3) and analyzing its outputs, we repeatedly ob-
served a counterintuitive phenomenon: semantically equivalent questions, correctly identified
as such by our retrieval system, can produce inconsistent answers when presented to LLMs.
Similarly, the retrieval models themselves would sometimes return different documents for
queries expressing the same information need. If question equivalence is a well-defined con-
cept that we can model, as discussed in Chapters 3 and 4, why do existing systems, including
both retrieval and generative models, still fail to behave consistently when presented with
equivalent inputs? This observation motivated a systematic investigation of coherence across
the components of modern QA pipelines.

The key insight connecting both applications is that question clusters provide a principled
way to define and optimize for coherence. Rather than treating each query independently, we
can use clusters of equivalent questions to (i) provide redundant signal that disambiguates
user intent for LLMs, and (ii) define consistency constraints that regularize model behavior
for retrieval.

This chapter makes the following contributions:

1. Comprehensive LLM Coherence Analysis: We provide systematic analysis show-
ing that state-of-the-art LLMs (Mixtral-8x7B, Llama2-70B, Smaug-72B, Phi-3) exhibit
significant coherence gaps, where models answer some phrasings correctly but fail on
semantically equivalent alternatives.

2. Question-Augmented Generation (g-RAG): We introduce -RAG, a retrieval-
based approach that supplements LLM prompts with clusters of similar questions from
a 38-million question-answer database. Human evaluation demonstrates accuracy im-
provements of up to 9 percentage points and coherence improvements up to 28 points
across multiple models and benchmarks.

3. Multilingual Coherence Analysis: We extend the coherence analysis to six typolog-
ically diverse languages (English, Italian, German, Chinese, Japanese, Vietnamese) and
eleven models (3.8B-235B parameters), revealing that coherence correlates with accu-
racy (p = 0.39) and model size (p = 0.42), but varies significantly across languages and
model families.

4. Coherence Ranking Loss: We introduce a novel loss function for training dense re-
trieval models that explicitly optimizes for ranking consistency across equivalent queries.
The loss combines Query Embedding Alignment (Lqra) and Similarity Margin Consis-
tency (Lgmc) with standard relevance optimization.

5. Comprehensive Evaluation: We demonstrate that coherence-aware training im-
proves both coherence metrics (up to +30% RBO) and accuracy metrics (up to +1.69%
NDCG) across MS-MARCO, Natural Questions, 11 BEIR datasets, and TREC-DL
2019/2020, with benefits transferring to downstream applications including retrieve-
and-rerank and RAG pipelines.
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6. Coherence-Aware LLM Training: We present original experiments showing that
q-RAG’s coherence benefits can be distilled into model parameters through Direct Pref-
erence Optimization (DPO) and Supervised Fine-Tuning (SFT), achieving up to +3.93
EM points and +23.96 coherence points on cross-dataset evaluation, surpassing g-RAG’s
inference-time improvements.

The remainder of this chapter is organized as follows. Section 5.2 presents our analysis of
LLM coherence and the question-augmented generation approach. Section 5.4 extends this
work by investigating coherence-aware training through DPO and SFT. Section 5.5 presents
the multilingual coherence analysis. Section 5.6 introduces the coherence ranking loss for
document retrieval and presents experimental results. Section 5.7 provides a unified discussion
connecting all applications. Finally, Section 5.8 concludes the chapter.

5.1 Preliminaries

This section recalls the key definitions from Chapter 2 and establishes the coherence metrics
used throughout this chapter.

Question Equivalence. Two questions are semantically equivalent if they express the
same information-seeking intent and accept the same set of correct answers (Definition 3.1.1).
Both conditions are jointly necessary: questions with coincidentally overlapping answers but
different intents are not equivalent (Section 2.2.2).

Question Clusters. A question cluster C' = {q1,...,¢,} groups all equivalent phrasings
of the same information need. Table 5.1 provides examples across different domains.

Table 5.1: Examples of question clusters across different domains. Each cluster contains semantically
equivalent questions with the same answer.

Domain Cluster Members

Geography What is the capital of France?
Can you tell me what the capital of France is?
Name the city that serves as the capital of France.
Which city is France’s capital?

Science What is the average lifespan of a flea?
How long does a flea typically live?
Can you explain the typical duration of a flea’s life cycle?
What is the life expectancy of fleas?

Biology What mechanism allows some sharks to retain warmth?
How do certain sharks maintain body temperature?
How does a select group of sharks stay warm internally?
What enables some shark species to be warm-blooded?

Coherence Metrics. We measure coherence as the consistency of system outputs across
questions within the same cluster. This chapter employs three complementary metrics:

1. Semantic Coherence (for LLM answers): The average pairwise cosine similarity of
answer embeddings generated for equivalent questions, computed using all-mpnet-base-
v2 for English experiments and LaBSE (Feng et al., 2022) for multilingual experiments.
Higher values indicate more consistent answers regardless of correctness.
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2. Binary Coherence (for discrete analysis): For factual questions with known correct
answers, we categorize each cluster as:

e Coherent-correct: All questions answered correctly
e Coherent-incorrect: All questions answered incorrectly
e Incoherent: Mixed results: the model possesses the knowledge (succeeds on some

phrasings) but fails to access it consistently

3. Ranking Coherence (for document retrieval): The average Rank-Biased Overlap
(RBO) (Webber et al., 2010) between document rankings produced for equivalent queries.
RBO is top-weighted and produces values in [0, 1].

Table 5.2 clarifies which coherence metrics are used in each experimental section. Note
that accuracy is additionally evaluated on QRC via human evaluation (§5.2.4) and on Open-
Domain QA datasets (§5.2.6), but coherence measurement requires multiple test questions
per cluster, which only PopQA-TP and the generated multilingual clusters provide.

Table 5.2: Coherence metrics used in each experimental section.

Section Coherence Metric Dataset

§5.2.2 (Incoherence Analysis) Semantic Coherence PopQA-TP

§5.2.4 (q-RAG Effect) Semantic Coherence PopQA-TP

§5.2.4 (Per-cluster) Binary Coherence PopQA-TP

§5.4 (Per-cluster) Binary/Semantic Coherence PopQA-TP

§5.5 (Multilingual) Semantic Coherence (LaBSE) Generated clusters
§5.6 (Retrieval) Ranking Coherence (RBO) MS-MARCO, NQ

5.2 Coherence in Large Language Models

Large language models exhibit surprising sensitivity to input phrasing: small changes in
wording can lead to dramatically different answers (Rabinovich et al., 2023; Voronov et al.,
2024a; Mizrahi et al., 2024a).

In this section, we analyze the coherence of multiple LLMs on factual question answering
tasks and introduce a retrieval-augmented approach to improve coherence through question
clustering.

5.2.1 Experimental Setup

This section addresses the research questions summarized in Table 5.3.

Models

We analyze four state-of-the-art LLMs spanning different sizes, architectures, and training
approaches:

o Mixtral-8x7B (56B parameters): A mixture-of-experts model that routes each token to
a subset of expert networks, achieving strong performance with efficient inference (Jiang
et al., 2024).
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Table 5.3: Research questions for LLM and multilingual coherence analysis.

RQ Research Question Section

RQ1 How coherent are current LLMs when answering semantically equivalent §5.2.2
questions?

RQ2 Does augmenting prompts with similar questions (q-RAG) improve accu- §5.2.4, §5.2.6
racy?

RQ3 Does q-RAG improve coherence across equivalent question phrasings? §5.2.5

RQ4 Does q-RAG improve accuracy through better question understanding §5.2.6, §5.3.1
rather than external knowledge injection?

RQ5 Does coherence vary across languages and model sizes? §5.5

RQ6 Can g-RAG’s coherence benefits be distilled into model parameters through §5.4
training?

o Llama2-70b (70B parameters): Meta’s open-source LLM trained on 2 trillion tokens
with extensive safety fine-tuning (Touvron et al., 2023).

e Smaug-72b (72B parameters): A model specifically optimized for reasoning tasks
through DPO training on challenging benchmarks like ARC and HellaSwag (Pal et al.,
2024b).

o Phi-3-mini (3.8B parameters): A smaller but capable model trained on high-quality
data, designed for deployment on resource-constrained devices (Abdin et al., 2024a).

These models were selected to represent the diversity of open-source LLMs available at the
time of our experiments (early 2024): dense architectures (Llama2, Smaug, Phi-3) versus
mixture-of-experts (Mixtral), scales ranging from 3.8B to 72B parameters, and different train-
ing focuses (general-purpose versus reasoning-optimized). Proprietary models such as GPT-4
and Claude were not included, as they are only accessible via provider APIs. This prevents full
inspection or control of their underlying system instructions, which may affect reproducibility
and introduce uncontrolled sources of bias in the analysis.

All experiments use temperature 0.001 to minimize randomness in generation. Models are
run using 8xV100 32GB GPUs and Amazon Bedrock.

Datasets

Our evaluation requires two types of resources serving different purposes. First, bench-
marks with annotated question clusters enable direct measurement of model coherence by
comparing outputs across equivalent phrasings. Second, standard QA datasets without clus-
ter annotations allow end-to-end evaluation of our retrieval-augmented approach in realistic
settings where equivalent questions must be retrieved rather than provided.

Benchmarks with Annotated Clusters. We use two datasets containing pre-annotated
clusters of semantically equivalent questions:

Question Ranking Corpus (QRC): The dataset developed in Chapter 3, containing clusters
of semantically equivalent questions annotated through a rigorous human evaluation
process. We extract 762 clusters from the test split, each containing at least 6 equivalent
questions (1 test query + 5 support questions). This benchmark provides high-quality
clusters but smaller scale.
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PopQA-TP: A large-scale resource (Rabinovich et al., 2023) consisting of 118K entity-centric
QA pairs divided into 14K clusters of paraphrased question variations. Unlike QRC,
PopQA-TP contains larger clusters with more variations per information need. We use
5,518 clusters containing at least 10 questions each, using 5 as support questions and 5
as test queries. Evaluation uses exact match against reference entity answers.

Open-Domain QA Datasets. To evaluate the g-RAG approach end-to-end with retrieved
(rather than oracle) support questions, we sample 500 queries from each of Natural Ques-
tions (Kwiatkowski et al., 2019), QuoraQP (Wang et al., 2020b), PAQ (Lewis et al., 2021),
and TriviaQA (Joshi et al., 2017), for a total of 2,000 test queries spanning diverse question
types and domains.

Evaluation Protocol
Different datasets require different evaluation approaches based on answer characteristics.

Automatic Evaluation (PopQA-TP). Since PopQA-TP answers are short entity names
(e.g., “Paris”, “1969”), we use automatic exact match against reference answers as in the
original work (Rabinovich et al., 2023). This enables large-scale evaluation across all 5,518
clusters.

Human Evaluation (QRC and Open-Domain QA). For QRC and Open-Domain QA,
answers are free-form text that cannot be reliably evaluated through string matching. We use
Amazon Mechanical Turk (AMT) with the following protocol. Each Human Intelligence Task
(HIT) consists of evaluating 6 question-answer pairs: 1 control question and 5 experimental
pairs. Control questions filter inattentive annotators using positive controls (simple factual
questions) and negative controls (clearly incorrect answers).

Annotators classify each answer into four categories:

1. Correct and Natural: The answer correctly addresses the question and is expressed
naturally without extraneous information.

2. Correct but Not Natural: The answer contains the correct information but includes
irrelevant content, repetitions, or awkward phrasing. For example, answering “How
many calories in a cucumber?” with “An average pineapple (900g) contains 452 calories,
which is higher compared to the 45 calories of a whole cucumber”. In this case the answer
is technically correct but indirect.

3. Incorrect but Natural (Hallucination): The answer appears fluent and confident
but contains factually wrong information.

4. Incorrect: The answer is clearly wrong or unrelated.

Annotators verify information using search engines when needed. Selection criteria require:
(i) HIT approval rate >95%, (ii) minimum 1000 approved HITs, (iii) Master qualification.
Each HIT is paid $0.50.

Coherence Measurement. Beyond accuracy, we evaluate the consistency of model out-
puts across equivalent questions. Semantic coherence measures the average pairwise cosine
similarity of answer embeddings for equivalent questions, computed using all-mpnet-base-
v2. Low coherence indicates that model success depends on specific phrasing rather than
genuine understanding: the model may answer correctly for some phrasings while failing on
semantically equivalent reformulations.
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Table 5.4: Baseline LLM coherence on PopQA-TP. Coherence is measured as average pairwise cosine
similarity of answer embeddings within clusters (Equation 2.4). Accuracy (EM) shown for reference.

Model Coherence Accuracy (EM)
Mixtral-8x7B 53.21 16.72
Llama2-70b 81.36 15.69
Phi-3-mini 43.46 5.01
Smaug-72b 54.51 13.89

5.2.2 Analysis of LLM Incoherence

Before introducing our method, we first quantify the coherence gap in current LLMs. We
measure baseline coherence by presenting each model with questions from PopQA-TP clusters
(5 questions per cluster) and computing answer coherence across the cluster.

Table 5.4 presents baseline coherence alongside accuracy (computed as EM) for reference.

Key Findings

Coherence Varies Across Models and Reveals Understanding Gaps (RQ1). Before
running these experiments, we expected coherence to correlate strongly with model capabil-
ity. The results revealed a more nuanced picture. Among models of comparable size (56-72B
parameters), coherence varies dramatically: Llama2-70b achieves 81.36 while Mixtral-8x7B
and Smaug-72b score only = 53-54, despite similar accuracy. This shows that coherence is
a property distinct from raw performance, shaped by training methodology and data com-
position rather than by scale alone. Models with lower coherence, specifically Phi-3-mini at
43.46 and Mixtral at 53.21, show highly variable behavior across equivalent questions. When
a model correctly answers “What year was Lincoln born?” but fails on “When was Abraham
Lincoln born?”, this cannot be a knowledge gap because the required knowledge is identical.
Instead, it indicates failure to properly understand one of the phrasings and retrieve the cor-
rect information from internal knowledge. Notably, coherence does not guarantee accuracy:
Llama2 has the highest coherence but middling accuracy, demonstrating that the two metrics
capture complementary aspects of model behavior.

5.2.3 Question-Augmented Generation

The coherence analysis reveals that LLMs often possess the knowledge needed to answer ques-
tions correctly but fail to access it consistently across equivalent phrasings. This suggests that
incoherence arises not from missing knowledge but from difficulty in inferring the user’ s intent
from a single query formulation. Different phrasings can activate different patterns within
the model’ s parameters, leading it to retrieve distinct and sometimes incorrect information.
We therefore hypothesize that providing multiple equivalent questions can help the model
more reliably identify the underlying information need and access the relevant parametric
knowledge.

Method Overview
We propose Question-RAG (q-RAG), an evolution of RAG (Lewis et al., 2020b) that sup-

plements the input question with semantically equivalent questions retrieved from a large
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database. Unlike classical RAG, which retrieves documents to provide new factual informa-
tion, g-RAG retrieves questions to help the model better understand the user’s intent. This
shift from document retrieval to question retrieval, introduced in Chapter 3, represents a fun-
damental change in how retrieval augmentation can benefit language models. The pipeline
consists of two stages:

e Stage 1: Question Retrieval. We leverage the DBQA system developed in Chap-
ters 3—4, which consists of (i) a 38-million question-answer pair database combining cu-
rated sources with filtered PAQ data, and (ii) a fine-tuned MiniLLM-L.12-v2 bi-encoder
for dense retrieval (see Section 4.1.1 for details). Given an input query g, the sys-
tem retrieves the k most similar questions. We call these retrieved questions Support
Questions (SQs). As described in Chapter 3, the database covers diverse open-domain
topics (geography, science, history, entertainment, etc.), ensuring broad coverage for
general-purpose question answering without domain-specific limitations.

e Stage 2: Augmented Generation. We construct a prompt that includes both the
original question and the retrieved SQs (and optionally their answers). The prompt
instructs the LLM to use the support questions to disambiguate or clarify the user’s
original intent before generating an answer. The specific prompt configurations are
detailed below.

The key insight is that SQs contain no new factual knowledge: they are only alterna-
tive phrasings of the same information need. It follows that any improvement in accuracy
must therefore come from better understanding of the question, not from external knowledge
injection.

Prompt Design

The effectiveness of g-RAG depends on how support questions are presented. We frame
the task as a Frequently Asked Questions (FAQ) system, where the LLM leverages similar
questions to understand user intent.

Prompt effectiveness varies across models due to differences in training data and instruction-
tuning procedures. We conducted preliminary experiments on a held-out development set to
identify optimal prompts for each model, testing variations in framing, instruction detail, SQs
placement, and uncertainty handling.

All prompts share a common structure with four key components:

1. Role specification: The model acts as an FAQ system leveraging similar questions

2. Context description: Explanation that provided questions are semantically similar
and should clarify ambiguity

3. Behavioral rules: Instructions governing context usage and response format (e.g., no
meta-commentary about the FAQ system, use context for inference, provide concise
answers, acknowledge uncertainty rather than hallucinate)

4. Dataset-specific constraints: For PopQA-TP, we require entity-based answers

Table 5.5 summarizes the configurations; complete prompt templates are provided in Ap-
pendix A.1.
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Table 5.5: Prompt structure for different configurations. Full templates in Appendix A.1.

Configuration Key Components

Base QA system role, uncertainty instruction (“say I don’t
know”)

q-RAG (questions) FAQ system role, k similar questions as context, 5 behav-

ioral rules
q-RAG (Q+A pairs) FAQ system role, k question-answer pairs as context, 5 be-
havioral rules

PopQA-TP variants Additional constraint: “answer must be an entity or entity
list”

Q Generation Two-step: first generate paraphrases (JSON output), then
use as SQs

Chain-of-Thoughts Single-pass reasoning over implicit question variations

Table 5.6: LLM accuracy with and without question prompting using gold-standard support questions
(5 equivalent questions from the same cluster). QRC uses human evaluation; PopQA-TP uses exact
match. Bold indicates better result.

QRC: Correct QRC: Natural PopQA-TP: EM
Model Base q-RAG Base q-RAG Base q-RAG
Mixtral-8x7B 78.48 81.10 40.29 46.95 16.72 20.30
Llama2-70b 77.69 84.38 54.20 62.73 15.69 17.37
Phi-3-mini 68.76 71.78 54.46 58.53 5.01 5.14
Smaug-72b 83.59 72.31 68.77 57.21 13.89 18.41

5.2.4 Accuracy results on Question Equivalence Benchmarks

To isolate the effect of question prompting from potential retrieval errors, we first evaluate
using gold-standard support questions: semantically equivalent questions from the same an-
notated cluster, rather than questions retrieved by our DBQA system. This controlled setting
allows us to assess the upper bound of question prompting effectiveness. Table 5.6 compares
accuracy in two conditions: Base, where models receive only the input question, and ¢-RAG,
where models receive the input question augmented with 5 gold-standard equivalent questions
from the same cluster.

Key Findings

Question Prompting Generally Improves Accuracy (RQ2). Three of four models show
consistent accuracy improvements across both benchmarks. Llama2 shows the largest gains
on QRC: 46.69 points on Correct and +8.53 points on Natural, with +1.68 on PopQA-TP.
Similarly, Mixtral improves by 42.62/+46.66 on QRC and +3.58 on PopQA-TP. Finally, Phi-
3-mini improves by +3.02/+4.07 on QRC and +0.13 on PopQA-TP.

Smaug Exhibits Anomalous Behavior. Smaug-72b uniquely shows decreased accuracy
on QRC (—11.28 points for Correct, —11.56 points for Natural) despite improved accuracy
on PopQA-TP (44.52 points). The pattern across datasets is suggestive: Smaug improves on
the harder, entity-based PopQA-TP benchmark but degrades on the easier, free-form QRC
benchmark.

The most plausible explanation involves the interaction between Smaug’s reasoning-oriented
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training and answer format requirements. Smaug was optimized through DPO training on
reasoning benchmarks (ARC, HellaSwag), which instilled strong uncertainty-handling mecha-
nisms. When presented with multiple question phrasings, the model appears to interpret the
redundancy as a signal of ambiguity, triggering conservative “I don’t know” responses even
for questions it would otherwise answer correctly. Table 5.7 illustrates this pattern.

Table 5.7 shows representative failure cases where Smaug becomes overly conservative with
question prompting.

Table 5.7: Smaug-72b failure cases: the model becomes overly conservative with question prompting,
refusing to answer questions it handles correctly without SQs.

Q: Abraham was born in what year?

Base: Abraham Lincoln was born in 1809.

Q-prompt: I'm sorry, but as an Al text-based model, I don’t have real-time information
or access to specific personal data like birth dates. Abraham could refer to various people
throughout history.

Q: Who best soccer player in the world?

Base: Lionel Messi and Cristiano Ronaldo are often considered as two of the best soccer players
in the world due to their numerous achievements...

Q-prompt: I don’t know.

While we cannot definitively determine which factor dominates, the pattern across datasets
is suggestive: Smaug improves on PopQA-TP which is a harder, entity-based dataset but
degrades on QRC which is an easier free-form dataset. This suggests that the most plausible
hypothesis is the interaction between Smaug’ s reasoning-oriented training and the answer-
format requirements. The conservative “I don’ t know” responses in Table 5.7 further support
this interpretation: the model’ s uncertainty mechanisms, which are helpful in reasoning tasks,
become overly sensitive when redundant question context is introduced.

5.2.5 Coherence results on Question Equivalence Benchmarks

Beyond accuracy, we also evaluate how q-RAG affects coherence. We measure coherence only
on PopQA-TP, since this dataset provides multiple test questions per cluster (5 test + 5
support). In contrast, QRC clusters contain only a single test question after reserving five
for support, which makes pairwise coherence computation impossible. Table 5.8 presents the
obtained results.

Table 5.8: Coherence improvement with question prompting on PopQA-TP. Coherence measured
using Equation 2.4. All models show substantial improvement.

Model Base g-RAG A

Mixtral-8x7B 53.21 81.21 +28.00
Llama2-70b 81.36 84.51 +3.15
Phi-3-mini 43.46 61.71 +18.25
Smaug-72b 54.51 75.97 +21.46
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Key Findings

Coherence Improves Substantially for All Models (RQ3). Even Smaug, which shows
decreased accuracy on QRC, improves coherence by +21.46 points. Mixtral shows the largest
improvement (+28.00 points). This demonstrates that question prompting helps models pro-
duce more consistent answers regardless of accuracy effects.

All four models show improved coherence with q-RAG, with gains ranging from +3.15
to +28.00 points. The improvement is inversely related to baseline coherence: Mixtral and
Phi-3, which had the lowest baseline coherence (53.21 and 43.46), show the largest gains
(4+28.00 and +18.25 points respectively). Conversely, Llama2, which already exhibited high
baseline coherence (81.36), shows modest improvement (+3.15 points), suggesting a ceiling
effect. Interestingly, coherence gains do not correlate with accuracy gains. Phi-3 shows min-
imal accuracy improvement (40.13 points) but substantial coherence improvement (+18.25
points), while Smaug shows the opposite pattern: the largest accuracy gain (44.52 points)
but moderate coherence improvement. This suggests that q-RAG affects the two properties
through partially independent mechanisms.

Per-Cluster Analysis

To understand the nature of coherence improvement, we analyze the distribution of correct
answers within each PopQA-TP cluster. Each cluster contains 5 test questions, so we count
how many receive correct answers.

Interpretation. A perfectly coherent model produces a bimodal distribution with mass
only at 0 and 5:

o 5/5 correct: The model knows the answer and consistently retrieves it
e 0/5 correct: The model lacks the knowledge entirely

Intermediate cases (1-4 correct) indicate genuine incoherence: the model possesses the
knowledge, which is evidenced by success on some query phrasings, but fails to access it
consistently. These represent opportunities for improvement.

Results. Figure 5.1 shows this distribution comparing baseline against q-RAG. Key ob-
servations:

1. All models show baseline incoherence: 6-16% of clusters fall in the intermediate
region (1-4 correct), with Mixtral showing the highest incoherence rate (15.7%).

2. Question prompting shifts mass toward extremes: For all models, mass moves
from the incoherent region to 0/5 and 5/5.

3. Increase in 0/5 clusters: Three models (Mixtral, Phi-3, Smaug) show more 0/5
clusters with q-RAG. We hypothesize this reflects increased appropriate uncertainty:
question prompting helps models recognize when they truly lack knowledge, leading to
consistent “I don’t know” responses rather than inconsistent guessing. The failure cases
in Table 5.7 support this interpretation. The exception is Llama2-70b, which actually
shows a decrease in 0/5 clusters (from 4210 to 4124) with corresponding increase in 5/5
clusters (from 607 to 704). This is consistent with its already high baseline coherence: q-
RAG helps Llama2 convert uncertain responses into correct ones rather than triggering
additional uncertainty.
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Figure 5.1: Distribution of correct answers per cluster (0-5) on PopQA-TP. Blue bars: baseline; red
bars: question prompting. A coherent model shows mass at extremes (0 and 5); mass in the middle (1-
4) indicates incoherence. Question prompting shifts distributions toward the extremes for all models.

5.2.6 End-to-End Evaluation with Retrieved Questions

The previous experiments demonstrated that q-RAG improves both accuracy and coherence
when using “gold-standard” SQs from annotated clusters. However, in practical applications
such clusters are not available: support questions must be retrieved from the database, po-
tentially introducing noise from imperfect retrieval. This section evaluates whether q-RAG
benefits persist in a realistic end-to-end setting. Given the cost of human evaluation and
the number of configurations to test, we focus this analysis on Mixtral-8x7B, which showed
the largest coherence improvement (+28 points) in previous experiments on PopQA-TP. The
evaluation is conducted on the previously introduced Open-Domain QA Datasets consisting
of 2000 open-domain questions.

Configurations

We compare ¢-RAG against several baselines to isolate the contribution of different com-
ponents. Specifically, we want to understand: (i) whether retrieved questions alone provide
benefit, (ii) whether adding answers to the retrieved questions helps further, and (iii) how
g-RAG compares to traditional document-based RAG.

e Base: Direct question answering without retrieval

e q-RAG (only question): Input question + top-k similar questions from our DBQA
system

¢ g-RAG (question-answer): Input question + top-k question-answer pairs from our
DBQA system
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« RAG (paragraphs): input question + top-k Wikipedia paragraphs via DPR

We evaluate k € {1,3,5}, consistent with the gold-standard benchmarks where 5 equivalent
questions per cluster are available. Additionally, as shown in Figure 5.2, performance gains
diminish beyond k = 3, suggesting that 3-5 support questions provide sufficient semantic
redundancy without introducing noise.

Results
Table 5.9 and Figure 5.2 presents results as k varies from 1 to 5.

Table 5.9: End-to-end accuracy on the Open-Domain QA dataset (2,000 questions, Mixtral-8x7B)
with different augmentation strategies.

Configuration Correct Correct & Natural
Base (no retrieval) 68.6 49.0
q-RAG, only question (k=1) 77.1 54.7
q-RAG, only question (k=3) 77.5 56.4
q-RAG, only question (k=5) 78.2 55.3
q-RAG, question-answer (k=1) 74.9 57.6
q-RAG, question-answer (k=3) 73.4 55.7
q-RAG, question-answer (k=5) 74.0 55.5
RAG, paragraphs (k=1) 68.2 49.0
RAG, paragraphs (k=3) 70.1 52.6
RAG, paragraphs (k=5) 4.7 53.9

Key Findings
The end-to-end evaluation reveals three main results:

a-RAG Benefits Persist with Retrieved Questions (RQ2). In end-to-end evaluation
with retrieved SQs, g-RAG consistently outperforms both the Base and RAG baselines. With
questions only, g-RAG achieves 78.2% accuracy at k=5, compared to 68.6% for Base model
(+9.6 points), and 74.7% for paragraph-based RAG (+3.5 points). This confirms that g-
RAG’s benefits persist in realistic deployment conditions. Performance increases with k for
paragraph-based RAG, from 68.2% at k=1 to 74.7% at k=5, but for question-based ap-
proaches, the benefit is already strong at k=1 with diminishing returns as k increases (Fig-
ure 5.2).

Questions Alone vs Question-Answer Pairs. Comparing ¢-RAG only question with g-
RAG question-answer reveals an interesting pattern. Questions alone achieve higher correct-
ness (78.2% vs 74.0% at k=5), while question-answer pairs achieve comparable naturalness
(55.5% vs 55.3%). This suggests that for pure accuracy, the semantic signal from multiple
question phrasings is more valuable than the factual grounding from pre-computed answers
confirming that question understanding is the primary driver of improvement. Additionally,
answers may sometimes introduce noise or conflicting information that slightly hurts perfor-
mance.
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Figure 5.2: End-to-end accuracy on 2,000 open-domain questions (Mixtral-8x7B) as k increases from
1to 5. Left: correctness only. Right: correct and natural answers. All augmentation strategies improve
over the baseline, with ¢-RAG (question-answer) achieving best performance.

Table 5.10: Standalone retrieval performance (top-1) on the Open-Domain QA dataset. DBQA
retrieves question-answer pairs; RAG retrieves Wikipedia paragraphs via DPR.

Metric DBQA RAG
Correct 56.9 56.2
Correct & Natural 37.4 31.7

Q-RAG Outperforms Classical RAG (RQ4). Question-based approaches consistently
outperform paragraph-based RAG. At k=5, g-RAG (questions only) achieves 78.2% accuracy
compared to 74.7% for classical RAG (+3.5 points). This improvement is notable because
SQs contain no new factual information: they only help the model understand the question
better, supporting our hypothesis that LLM incoherence is fundamentally an understanding
problem, not a knowledge problem.

5.3 Ablation studies

5.3.1 Retrieval System Comparison: DBQA vs Traditional RAG

A natural question is whether g-RAG’s superiority stems from the prompting technique itself
or from retrieval quality differences. To disentangle these factors, we compare the standalone
retrieval performance of both systems on the same 2,000 open-domain queries, evaluating
retrieved content without LLM generation.

For DBQA, we evaluate the pre-computed answer associated with the top-1 retrieved
question. For RAG, we evaluate whether the top-1 Wikipedia paragraph contains the correct
answer. Table 5.10 presents results.
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DBQA and traditional RAG achieve comparable correctness (56.9% vs 56.2%), indicating
that the retrieval components have similar quality. The difference in naturalness (+5.7% for
DBQA) is expected: paragraphs contain more information and do not directly answer the
query, making them less likely to be rated as natural. This result is important because it
demonstrates that -RAG’s improvement over traditional RAG (Section 5.2.6) does not stem
from better retrieval, but it comes from the nature of the augmentation. Semantically equiv-
alent questions help the model understand user intent, whereas paragraphs primarily provide
factual grounding. The former addresses an understanding problem; the latter addresses a
knowledge problem.

5.3.2 Support Questions: Retrieval vs Generation

The previous experiments used DBQA retrieval to obtain support questions. However, g-
RAG is agnostic to the source of SQs: any method that produces semantically equivalent
questions could work. This raises a practical question: can LLMs generate effective support
questions on-the-fly, eliminating the need for a pre-built question database? We compare
three approaches: retrieval from DBQA, LLM-based generation, and Chain-of-Thought (CoT)
prompting. All prompts are available in Appendix A.1.

Configuration
We evaluate four configurations to compare different sources of support questions:
o Base: Baseline without support questions
¢ g-RAG: Retrieved questions from 38M question database
¢ Gen-q-RAG: LLM generates 5 paraphrases, then uses them as SQs

e CoT-q-RAG: A single-pass prompt that encourages the model to consider alternative
phrasings before answering, in line with the intuition of Wei et al. (2022¢). The prompt
first asks the model to reflect on possible rewordings of the question and then use this
reasoning to generate the final answer.

Results

Table 5.11 presents results on 500 queries randomly sampled from NQ, Quora, PAQ, and
TriviaQA, using Mixtral-8x7B with k=5.

Table 5.11: Comparison of methods for obtaining support questions. DBQA retrieval achieves best
performance.

Configuration Correct Correct & Natural
Base 73.5 52.5
q-RAG 79.3 62.3
Gen-q-RAG 78.0 58.8
CoT-g-RAG 75.3 58.5
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Key Findings

All SQ Methods Improve Over Base Method. (RQ1) Even the weakest approach (CoT
at 75.3%) outperforms Base method (73.5%), confirming that redundant question information
helps regardless of source.

DBQA Retrieval Outperforms Generation. Retrieved questions achieve the best perfor-
mance with +5.8% improvement over Base, compared to +4.5% for Gen-g-RAG and +1.8%
for CoT-q-RAG. This is notable because generated and retrieved questions have comparable
semantic equivalence (95% vs 92% as shown in the qualitative analysis below and Table 5.12).
The difference lies in the diversity of phrasings: while LLMs tend to produce surface-level
transformations, retrieved questions from real users expose different conceptual angles on the
same information need.

CoT Underperforms Explicit SQs. CoT-g-RAG combines question generation and an-
swering in a single pass, asking the model to consider alternative phrasings as part of its
reasoning before generating an answer. Despite the intuition that models might not need
explicit SQs if they can reason about them internally, this approach achieves only +1.8% im-
provement over baseline which is significantly less than both ¢-RAG (+5.8%) and Gen-g-RAG
(+4.5%). This suggests that explicit support questions in the prompt provide a stronger and
more reliable signal than implicit reasoning about potential reformulations.

Qualitative Analysis

To understand why retrieved questions outperform generated ones, we manually evaluated
the semantic similarity between input queries and their support questions. We annotated 100
SQs generated by the LLM and 100 SQs retrieved through QRS, assessing whether each SQ
was semantically equivalent to the input query. The results show comparable equivalence
rates: 95% of generated questions and 92% of retrieved questions are semantically equivalent
to the input. However, qualitative inspection reveals important differences in the nature of
the variations:

o Generated questions: Surface-level transformations (synonyms, syntax changes)
¢ Retrieved questions: Diverse framings from real users that expose additional facets

Table 5.12 illustrates these differences.

Table 5.12: Generated vs retrieved support questions. Retrieved questions often expose different
conceptual framings.

Input Generated Retrieved
Is it dangerous to eat expired Is  consuming  out-of-date How long after the expiration
yogurt? yogurt hazardous to one’s date is yogurt safe?

health?
How do you calculate dimen- What is the method for deter- How do you work out a volume
sions? mining dimensions? of a shape?

Retrieved questions reframe queries in ways that may activate broader parametric knowl-
edge. The organic diversity of real user questions provides richer signal than LLM-generated
paraphrases.
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Efficiency Comparison

Beyond accuracy, practical deployment requires consideration of computational costs. This
analysis compares the latency of q-RAG versus Gen-g-RAG and CoT-q-RAG approaches for
obtaining support questions.

q-RAG requires only ~10ms per query: the 33M parameter MiniLM encoder generates
the query embedding, followed by a FAISS nearest-neighbor lookup over the 38M question
index. In contrast, LLM-based approaches are significantly slower: Gen-q-RAG requires ~2-
5 seconds to generate 5 paraphrases before answering, while CoT-q-RAG, despite being a
single-pass approach, still requires ~1-3 seconds as the model must reason about alternative
phrasings before generating an answer. This represents a 200-500x speedup for q-RAG over
generation-based methods.

Combined with the accuracy results from Section 5.3.2, this analysis shows that ¢-RAG
achieves both better performance and dramatically lower latency than generation-based al-
ternatives, making it practical for production deployment.

5.3.3 Summary

The ablation studies confirmed that retrieved questions outperform both LLM-generated para-
phrases and chain-of-thought reasoning for ¢-RAG, and that DBQA retrieval provides com-
parable quality to traditional RAG with substantially lower latency.

The experiments in previous sections demonstrated that q-RAG improves coherence at
inference time, but this approach requires retrieval infrastructure at deployment. A natural
question arises: can we internalize this coherence signal during training, producing a stan-
dalone model with improved coherence? This mirrors the approach we take for retrieval in
Section 5.6, where CR Loss optimizes for ranking consistency during training rather than
compensating at inference time. The following section investigates this direction for LLMs.

5.4 Coherence-Aware LLM Training

The previous sections demonstrated that g-RAG improves LLM coherence at inference time by
augmenting prompts with semantically equivalent questions. However, this approach requires
maintaining a retrieval system at deployment. This section presents original work conducted
for this thesis, investigating whether Direct Preference Optimization (DPO) and Supervised
Fine-Tuning (SFT) can distill g-RAG’s benefits directly into model parameters.

5.4.1 Methodology

The key insight is that q-RAG responses can serve as training signal: if a model augmented
with equivalent questions produces better, more coherent answers, we can use these responses
to train the base model directly.

We construct training data from the QRC corpus (Chapter 3), selecting clusters where at
least one similar question has a positive label. For each cluster:

1. Generate baseline responses: For each question in the cluster, generate an answer
using the base model with temperature 0 (greedy decoding). These serve as rejected
responses for DPO.
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Table 5.13: Effect of coherence-aware training on PopQA-TP. EM = Exact Match accuracy (%),
Coh = answer coherence measured as average within-cluster similarity (%).

Model Training EM F1i Coh A Coh
Base 5.01 6.69 43.46 -

Phi-3-mini q-RAG 5.14 7.01 61.71 +18.25
DPO 8.86 10.75 65.25 +21.79
SFT 8.94 10.74 67.42 +23.96
Base 9.54 11.11 49.87 -

Mistral-7B q-RAG 10.41 11.95 53.98 +4.11
DPO 11.26 12.66 55.36 +5.49
SFT 10.38 12.01 53.97 +4.10

2. Generate q-RAG responses: Using the cluster’s questions and their reference an-
swers as context, following the g-RAG prompting strategy from Section 5.2.3, generate
an answer for the cluster’s seed question. This response is then mapped to all questions
in the cluster as the chosen response.

3. Quality filtering: We use Claude Sonnet 4.5 to verify that each chosen response
correctly answers its associated question, removing pairs where the mapped answer is
incorrect for the specific question phrasing.

This procedure yields 25,450 training samples and 4,230 development samples. Crucially, the
training signal comes from the model’s own ¢-RAG-augmented outputs, making this a form
of self-distillation where inference-time coherence is distilled into model parameters.

We compare two training objectives: (i) DPO which trains the model to prefer chosen over
rejected responses, directly optimizing for the preference “given equivalent questions, produce
consistent answers”, and (ii) SFT which trains the model to generate chosen responses directly,
providing a simpler baseline. We evaluate on Phi-3-mini and Mistral-7B-Instruct using full
fine-tuning with DeepSpeed ZeRO Stage 3 on 8 NVIDIA 1.40S GPUs. Hyperparameters are
selected via grid search: learning rate from 5 x 10~7 to 1 x 1075, DPO 3 € {0.05,0.1,0.3, 1.0},
training for 3 epochs with early stopping. No system prompt is used during training to
preserve generalization.

5.4.2 Results

Since the QRC test set requires human annotation, we evaluate on PopQA-TP (Rabinovich
et al., 2023), the same benchmark used in Section 5.2.3. This tests whether coherence im-
provements transfer across datasets. Table 5.13 presents the results.

Key Findings

Both DPO and SFT Improve Coherence Beyond q-RAG (RQ6). Both training ap-
proaches successfully transfer and amplify g-RAG’s coherence benefits into model parame-
ters. Phi-3-mini shows the largest gains: EM improves by +3.93 points (5.01% — 8.94%)
and coherence increases by +24.0 points (43.46 — 67.42) with SFT, substantially exceed-
ing ¢-RAG’s coherence of 61.71. Mistral-7B shows consistent improvements: +1.72 EM and
+5.49 coherence points with DPO, again surpassing q-RAG (55.36 vs 53.98). These results
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Figure 5.3: Distribution of correct answers per cluster (0-5) on PopQA-TP comparing baseline,
q-RAG (inference-time), and coherence-aware training (DPO/SFT). For Phi-3-mini, -RAG shows
minimal change in cluster distribution despite large coherence improvement (418.25 points), while
DPO/SFT substantially reduce fully-incoherent clusters (0/5) and increase highly-coherent clusters
(4-5/5). For Mistral-7B, all methods show similar patterns with training approaches achieving the
largest shifts.

demonstrate that coherence is a learnable property that can be optimized during training to
exceed inference-time augmentation.

Smaller Models Benefit More, With Clear Distribution Shifts. Phi-3-mini’s relative
improvement (+78% EM with SFT) substantially exceeds Mistral-7TB’s (+18% EM with
DPO), aligning with our earlier finding that smaller models exhibit larger coherence gaps (Sec-
tion 5.2.2). The cluster distribution in Figure 5.3 reveals an important distinction between
inference-time and training-time approaches. For Phi-3-mini, g-RAG improves coherence sub-
stantially (418.25 points) but shows minimal change in cluster distribution: fully incoherent
clusters (0/5 correct) actually increase slightly from 5036 to 5124, while highly coherent clus-
ters (4-5/5 correct) increase modestly from 233 to 280. In contrast, DPO and SFT produce
dramatic distributional shifts: 0/5 clusters decrease to 4779-4780, while 4-5/5 clusters nearly
double to 451-472. This suggests that g-RAG improves answer similarity within clusters with-
out necessarily improving correctness, while training-time approaches fundamentally change
which questions the model answers correctly.

DPO and SFT Show Complementary Strengths With Cross-Dataset Transfer. Nei-
ther training approach dominates uniformly: for Mistral-7B, DPO achieves higher coherence
(+5.49 vs +4.10) and F1 (+1.55 vs +0.90); for Phi-3-mini, SFT achieves higher coherence
(+23.96 vs +21.79) while both substantially exceed g-RAG. The choice may depend on the de-
ployment scenario, with DPO explicitly optimizing preferences while SFT provides a simpler
training signal. Importantly, training on QRC and evaluating on PopQA-TP demonstrates
that coherence improvements generalize beyond the training distribution as the models learn
to handle equivalent question phrasings more consistently, not merely to memorize QRC-
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specific patterns.

5.4.3 Discussion

These results suggest that inference-time coherence techniques like g-RAG can be distilled,
and even surpassed, through preference learning or supervised fine-tuning. The key insight
is that coherence, rather than being an emergent property that requires external intervention
at inference time, can be explicitly optimized during training. Notably, both DPO and SFT
exceed g-RAG’s coherence improvements while eliminating the need for retrieval infrastructure
at deployment. In deployment scenarios where latency or infrastructure constraints preclude
retrieval augmentation, training-time approaches offer not just an alternative but a superior
solution.

The connection to Section 5.6 is instructive. CR Loss improves retrieval coherence through
training-time optimization by aligning query embeddings and similarity margins across equiv-
alent questions; DPO and SFT improve LLM coherence through the same principle by aligning
generated answers. Both demonstrate that coherence, initially observed as an inference-time
phenomenon, can be internalized through appropriate training objectives that leverage ques-
tion cluster structure. This suggests a broader research direction: any task exhibiting coher-
ence gaps may benefit from training objectives that explicitly optimize for consistency across
semantic equivalents.

Several limitations warrant acknowledgment. First, the quality filtering step relies on
an external LLM (Claude Sonnet 4.5), which may introduce biases in determining answer
correctness. Future work could explore self-consistency filtering or human annotation for
higher-stakes applications. Second, we evaluate only on factoid QA with short answers; gen-
eralization to open-ended questions, multi-hop reasoning, or longer-form generation remains
unexplored. Third, the absolute accuracy on PopQA-TP remains modest ( 10% EM), though
this reflects the dataset’s difficulty as it is designed to challenge even large models, rather
than a limitation of the approach. The key finding is the relative improvement in coherence
metrics, demonstrating that the training signal successfully transfers.

Having established that coherence can be improved through both inference-time (q-RAG)
and training-time (DPO/SFT) approaches for English, a natural question arises: do these
coherence patterns generalize across languages? The following section extends our analysis to
six typologically diverse languages.

5.5 Multilingual Coherence Analysis

The previous sections analyzed coherence exclusively on English questions. However, the
equivalence relation that defines clusters should be language-independent, while the surface
realization of equivalent questions varies dramatically across languages due to differences in
morphology, syntax, and writing systems. This section extends our analysis to six typolog-
ically diverse languages, examining how coherence varies with model size, architecture, and
language characteristics.

This question is particularly relevant for question clusters. The equivalence relation that
defines clusters (Section 5.1) should be language-independent: two questions are equivalent if
they share the same information-seeking intent, regardless of the language in which they are
expressed. However, the surface realization of equivalent questions varies dramatically across
languages due to differences in morphology, syntax, and writing systems. Languages with
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richer morphological systems, such as German and Italian, allow more lexical variations for
the same semantic content, potentially increasing the space of equivalent phrasings a model
must handle consistently.

We therefore extend our coherence analysis to six typologically diverse languages, exam-
ining how coherence varies with model size, architecture, and language characteristics.

5.5.1 Multilingual Question Clusters

The equivalence relation that defines question clusters (Section 5.1) is inherently language-
independent: two questions are equivalent if they share the same information-seeking intent,
regardless of the language in which they are expressed. A question asking about the capital
of France remains semantically equivalent whether phrased in English (“What is the capital
of France?”), Ttalian (“Qual é la capitale della Francia?”), or Chinese (“YEE M EHHZTA 7).
The answer, Paris, is the same across all formulations.

However, equivalent questions may exhibit highly diverse surface realizations across lan-
guages, driven by morphological, syntactic, and script-level differences. This diversity gives
rise to specific coherence challenges:

Morphological Complexity: languages differ substantially in how much information is en-
coded through word inflection. German and Italian mark grammatical relationships
through case endings, verb conjugations, and gender agreement, while Vietnamese and
Chinese, as analytic languages, encode grammatical relationships through word order
and particles rather than inflection (Bentz and Berdicevskis, 2016; Coupé et al., 2019).

This typological difference may affect coherence: if morphologically simpler languages
constrain the space of possible surface variations for a given semantic content, models
might exhibit higher coherence simply because there are fewer distinct phrasings to
handle consistently. However, this hypothesis requires empirical validation, as other
factors (e.g., pre-training data distribution) may dominate.

Script and Tokenization: languages using logographic (Chinese) or syllabic (Japanese) writ-
ing systems undergo different tokenization compared to alphabetic languages. These
differences affect how questions are represented at the input level and may influence
whether the model recognizes equivalent phrasings as related.

Pre-training Distribution: English dominates most pre-training corpora, with other lan-
guages receiving varying degrees of representation. Models may have developed more
robust question understanding for well-represented languages, potentially leading to
higher coherence. Conversely, under-represented languages may exhibit more brittle
behavior.

These considerations motivate a systematic cross-lingual study. Rather than assuming
that English findings transfer, we directly measure coherence across languages to understand
how linguistic and distributional factors interact with model behavior.

5.5.2 Experimental Setup

To test the hypotheses outlined above, we designed a multilingual evaluation spanning six
typologically diverse languages, eleven models of varying scales, and metrics suitable for cross-
lingual comparison.
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Languages

We selected six languages to maximize typological diversity along the dimensions discussed
above:

e English: analytic, high-resource, serves as baseline for comparison with previous sec-
tions

e German: fusional, rich morphology with grammatical case, medium-resource

e Italian: fusional, rich verbal morphology with grammatical gender, medium-resource
e Chinese: isolating, logographic script, tonal, high-resource

o Japanese: agglutinative, mixed script (kanji and kana), low-resource

¢ Vietnamese: analytic, minimal inflection, tonal, low-resource

This selection spans different morphological types (analytic, fusional, agglutinative), writ-
ing systems (alphabetic, logographic, syllabic), and levels of representation in typical pre-
training corpora (high, medium, low). The inclusion of Vietnamese as a low-resource lan-
guage is particularly relevant for testing whether coherence patterns depend on pre-training
exposure.

Multilingual Cluster Construction

Starting from 1000 seed questions, 500 from PopQA-TP (Rabinovich et al., 2023) and 500
from SimpleQA (Haas et al., 2025), we construct multilingual question clusters by automati-
cally generating semantically equivalent variations in each target language using a proprietary
state-of-art multilingual translation language model. For each seed question, we generate 3
equivalent formulations per language, for a total of 18 multilingual variations per seed (6
languages x 3 variations). This results in a total of 18000 questions across all languages and
seeds.

This procedure extends the monolingual clusters used in previous sections to a multilingual
setting while preserving the equivalence relation. To ensure cluster quality, we performed two
validation steps: (i) manual verification of English and Italian variations by native speak-
ers, and (ii) back-translation validation for other languages, checking that back-translated
questions preserved the original semantic content. Manual review of 200 randomly sampled
questions confirmed near-perfect semantic preservation across translations.

We acknowledge that machine-generated variations may exhibit different characteristics
compared to questions naturally formulated by native speakers. However, this approach
enables controlled comparison across languages with identical semantic content, isolating the
effect of language-specific surface variation from differences in question difficulty or domain.

Models.

The multilingual analysis uses a different set of models compared to Section 5.2.1. The
English-only experiments used models representative of the state-of-the-art at the time (Mix-
tral, Llama2, Smaug, Phi-3), selected to demonstrate coherence gaps across different architec-
tures. The multilingual analysis instead focuses also on understanding how coherence scales
with model size. We therefore selected model families that offer multiple size variants, en-
abling within-family comparisons:
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o Phi-4: 3.8B and 14B parameters (Abdin et al., 2024b)

o Qwen3: 4B, 14B, 80B, and 235B parameters (Yang et al., 2025)

o DeepSeek-R1: 32B parameters (DeepSeek-Al, 2025)

o Apertus: 8B and 70B parameters (Herndndez-Cano et al., 2025)

o GPT-0OSS: 20B and 120B parameters (Agarwal et al., 2025)

Metrics

We measure accuracy as the proportion of correctly answered questions, evaluated using
an LLM-as-judge approach with Claude Sonnet 4.5 comparing generated answers against
reference answers from the source datasets.

For semantic coherence, we use the formulation from Equation 2.4, but replace the mono-

lingual encoder (all-mpnet-base-v2) with LaBSE (Feng et al., 2022), a language-agnostic sen-
tence encoder trained on 109 languages. This substitution is essential: monolingual encoders
would not provide comparable embeddings across languages, precluding meaningful cross-
lingual coherence comparison.

Results

We evaluate all models on the multilingual question clusters, measuring both accuracy and
semantic coherence for each language. This setup allows us to examine (i) whether coherence
patterns observed in English generalize to other languages, (ii) how coherence varies across
languages with different typological properties, and (iii) whether larger models within the
same family exhibit higher coherence. Table 5.14 presents accuracy and semantic coherence
for all evaluated models across languages.

Table 5.14: Accuracy (Acc) and Coherence (Coh) per model across languages. Results reveal signif-

icant variation in coherence across both models and languages.

All EN IT DE ZH JA VI
Model Acc Coh|Acc Coh|Acc Coh|Acc Coh|Acc Coh|Acc Coh|Acc Coh
Phi-4 3.8B 26.0 41.7125.1 48.0|27.5 44.9|26.8 45.3|23.7 49.2|123.8 47.8(29.2 42.0
Phi-4 14B 27.3 47.3|127.8 53.8(28.5 52.6[30.5 52.9(23.2 51.6|24.0 53.5(29.7 52.2
Qwen3 4B 31.6 43.1|28.4 49.1|27.6 46.7|32.2 47.1|36.4 54.0|34.9 53.2/29.9 56.5
Qwen3 14B 29.4 44.0127.1 48.4126.8 47.4|27.0 46.7|34.8 45.2|130.8 45.7(29.7 50.9
Qwen3 80B 35.1 49.1/39.3 57.2|36.6 54.5|38.6 54.9|29.9 59.1|28.8 56.7|37.4 59.9
Qwen3 235B 41.3 46.1(47.0 55.0142.2 51.9|45.6 51.1|36.0 53.1|32.9 51.8|44.2 55.1
DeepSeek-R1 32B‘28.9 38.6124.0 44.0126.4 41.3]|26.5 42.1]26.0 39.6|27.3 39.9/42.9 38.6
Apertus 8B 21.5 45.4]120.2 52.9|21.4 51.1|22.1 50.8/19.6 53.5|22.2 51.7(23.8 49.9
Apertus 70B 31.5 51.6/30.7 57.3|32.6 57.7|31.4 57.1|28.4 57.4|32.8 58.6/32.9 59.6
GPT-0OSS 20B 29.2 41.3|27.3 44.5|28.7 42.3|27.8 44.0133.2 41.2|31.1 39.6|27.3 44.4
GPT-0OSS 120B [29.9 49.9/31.2 55.0{30.6 51.8(30.4 53.8(26.7 51.5|29.3 49.3|31.2 52.5
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Figure 5.4: Coherence scaling by model size (left) and by accuracy (right). Black points represent
all languages aggregated; red points represent English only. The positive correlations confirm that
coherence patterns observed in English generalize across languages.

Key Findings

Coherence Correlates with Accuracy and Size (RQ5). Consistent with previous work
(Section 5.2.2) on English, we observe positive correlations between coherence and both ac-
curacy and model size in the multilingual setting. As shown in Figure 5.4, the Pearson
correlation between coherence and accuracy is p = 0.39 across all languages, strengthening
to p = 0.64 for English alone. The stronger English correlation aligns with the observation
that English, as the dominant pre-training language, exhibits more predictable coherence-
accuracy relationships. The correlation between coherence and model size is p = 0.42 across
all languages and p = 0.49 for English.

However, these correlations reflect aggregate trends across different model families; they
do not imply that scaling reliably improves coherence within a given family. A model can
achieve high accuracy while remaining incoherent (correctly answering some phrasings but
not others), and as the next paragraph demonstrates, a larger model is not guaranteed to
be more coherent than a smaller one from the same family. This confirms that coherence
captures a distinct dimension of model behavior that merits independent evaluation.

Size Does Not Guarantee Coherence. Even within the same model family, increasing
size does not guarantee higher coherence. The Qwend family illustrates this pattern: coherence
increases from 4B (43.1) to 80B (49.1), but then decreases with the 235B model (46.1). This
non-monotonic relationship suggests that factors beyond scale, such as training methodology,
data composition, and optimization choices, play crucial roles in determining model coherence.

Cross-Lingual Coherence Variability. Smaller models display substantial variation in
coherence across languages. Qwen3 4B ranges from 46.7 (Italian) to 56.5 (Vietnamese), a
difference of nearly 10 percentage points. Phi-4 3.8B shows similar variability, ranging from
42.0 (Vietnamese) to 49.2 (Chinese).

Importantly, scaling reduces this variability for some model families but not others:

e Phi-4: Cross-lingual variability decreases dramatically with scale. The standard devi-
ation across languages drops from o = 2.4 (3.8B) to o0 = 0.7 (14B), and the max-min
difference reduces from 7.2 to 2.2 points. This suggests that Phi-4’s training procedure
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Table 5.15: Number of clusters with 1 or 2 out of 3 correct answers (incoherent clusters) for Qwen3
models across languages. Lower values indicate higher coherence. See Figure 5.5 for the full distribu-
tion.

Model EN IT DE ZH JA VI
Qwen3 4B 389 412 398 367 371 385
Qwen3 14B 402 425 418 378 385 398
Qwen3 80B 358 389 375 348 352 368

Qwen3 235B 343 401 442 354 360 426

produces increasingly language-agnostic coherence as the model scales.

e Qwen3: Cross-lingual variability remains high even at large scales, with standard de-
viations of ¢ = 3.7 (4B), 0 = 1.9 (14B), 0 = 2.0 (80B), and ¢ = 1.6 (235B). The 80B
model still shows a 5.4 point range across languages (54.5 to 59.9).

These patterns indicate that cross-lingual coherence consistency is not an automatic
byproduct of scale but depends on model-specific training choices.

Language Typology Does Not Determine Coherence. We initially hypothesized that
morphologically simpler languages might exhibit higher coherence by constraining the space
of possible surface variations. Vietnamese, as an analytic language with minimal inflection,
represented an ideal test case.

The results do not support this hypothesis. While Vietnamese exhibits high coherence for
some models, such as Qwen3 80B: 59.9, and Apertus 70B: 59.6, Phi-4 3.8B shows its lowest
coherence on Vietnamese (42.0). This inconsistency indicates that pre-training data distri-
bution likely dominates over typological factors: a model with limited Vietnamese exposure
cannot benefit from the language’s morphological simplicity if it lacks robust representations
for Vietnamese text in the first place.

5.5.3 Per-Cluster Analysis

To complement the continuous semantic coherence metric, we analyze coherence through a
discrete lens analogous to the per-cluster analysis in Section 5.2.4. For each cluster of 3
semantically equivalent questions in a given language, we count how many receive correct
answers (0, 1, 2, or 3). A perfectly coherent model would show mass only at 0 (consistently
wrong) and 3 (consistently correct); mass at 1 or 2 indicates incoherence where the model
possesses the knowledge, as evidenced by success on at least one phrasing, but it fails to access
it consistently.

Figure 5.5 visualizes this distribution for the Qwen3 family across all languages, while
Table 5.15 presents the count of incoherent clusters (1 or 2 correct) per language.

The results reveal an asymmetry across language groups. The 235B model achieves highest
coherence (fewest incoherent clusters) on English (343), Chinese (354), and Japanese (360),
but substantially lower coherence on Italian (401), German (442), and Vietnamese (426).
This pattern suggests that the model’s knowledge access mechanisms differ across language
families, with stronger coherence for languages that likely received more emphasis during
Qwen3’s training process.

Interestingly, the discrete analysis shows Vietnamese with lower coherence than Chinese
and Japanese for the largest model, despite Vietnamese showing higher semantic coherence
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Figure 5.5: Number of clusters with 0, 1, 2, or 3 out of 3 correct answers for Qwen3 models across
languages. The central region (1-2 correct) represents incoherent clusters where the model has the
knowledge but fails to access it consistently. Larger models generally shift mass toward the extremes
(0 or 3), indicating improved coherence.

in Table 5.14. This apparent contradiction reflects the different aspects captured by the
two metrics: semantic coherence measures answer similarity regardless of correctness, while
discrete coherence measures consistency in correctness judgments. A model can produce
semantically similar but incorrect answers (high semantic coherence, low discrete coherence),
which appears to be the case for Qwen3 235B on Vietnamese.

5.5.4 Practical Implications

The multilingual analysis yields two practical recommendations for deploying coherence-
sensitive systems:

1. Evaluation: Coherence should be assessed across multiple languages rather than as-
suming English results transfer. As demonstrated, cross-lingual patterns can differ sub-
stantially even for the same model.

2. Model Selection: When cross-lingual coherence consistency is important, model family
matters. Phi-4 achieves more uniform coherence across languages than Qwen3 (standard
deviation o = 0.7 for Phi-4 14B vs o > 1.6 for Qwen3 235B), suggesting that training
procedures affect cross-lingual generalization independently of overall accuracy.

3. Training: Model developers should consider coherence as a training objective, particu-
larly for multilingual deployment where consistent behavior across languages is essential.

Whether the g-RAG approach introduced in Section 5.2.3 and the coherence-aware train-
ing methods from Section 5.4 would yield similar benefits in multilingual settings remains
an open question. Both approaches require high-quality question clusters, which for mul-
tilingual settings would necessitate either large-scale question databases for each language
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or cross-lingual retrieval models, resources that do not currently exist. The observed cross-
lingual coherence variability suggests that benefits may differ across languages, but empirical
validation is left for future work.

5.5.5 Summary

This section extended the coherence analysis to a multilingual setting, addressing RQ5. Co-
herence correlates positively with both accuracy (p = 0.39) and model size (p = 0.42) across
languages, but cross-lingual consistency varies substantially by model family. These find-
ings suggest that multilingual deployments require explicit coherence evaluation rather than
extrapolation from English results.

The previous sections focused on coherence at the generation stage. However, in RAG
pipelines, incoherence can arise upstream: if the retrieval component returns different docu-
ments for equivalent queries, the LLM receives different contexts, compounding the coherence
problem even if the generator itself were coherent. The following section addresses this up-
stream problem.

5.6 Coherence in Document Retrieval

Dense retrieval models may return substantially different document rankings for queries that
express the same information need. Consider a user asking about a medical condition: different
phrasings might retrieve clinical guidelines versus patient forum posts, leading to different
answers regardless of LLM coherence.

This sensitivity has important practical implications. Behavioral studies have shown that
users frequently reformulate their queries when initial search results are unsatisfactory (Jansen
et al., 2007, 2005), with estimates suggesting that up to 50% of search engine traffic consists of
query reformulations (Wang et al., 2021). If a retrieval system returns different documents for
equivalent phrasings of the same question, users may need multiple attempts to find relevant
information, increasing both user frustration and computational cost.

The coherence problems in retrieval and generation are not independent as they compound
each other in modern RAG pipelines. Consider a user asking a question that gets routed
through a RAG system. If the retrieval component is incoherent, equivalent phrasings of the
question will retrieve different documents. These different documents then form the context
for the LLM, which generates answers grounded on different evidence. Even if the LLM itself
were perfectly coherent, it would produce different answers because it receives different inputs.
When combined with the LLM’s own coherence gaps (Section 5.2.2), the effect is amplified:
the system exhibits compounding incoherence where both retrieval and generation contribute
to inconsistent behavior.

This observation motivates addressing coherence at both stages of the pipeline. Sec-
tion 5.2.3 showed that q-RAG improves LLM coherence by providing redundant question
signal at generation time. This section addresses the upstream problem: ensuring that the
retrieval component itself produces consistent results regardless of how the user phrases their
query.

Previous work has explored various approaches to reduce query sensitivity, including syn-
thetic data augmentation (Chaudhary et al., 2024; Meng et al., 2024) and query reformula-
tion (Ma et al., 2023; Shi et al., 2024). However, data augmentation alone shows inconsistent
results across datasets, and query reformulation introduces additional latency and cost by
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requiring an LLM to rewrite queries at inference time. We take a different approach: we use
an LLM to generate clusters of equivalent queries for training, then introduce a Coherence
Ranking (CR) loss that penalizes ranking inconsistencies across queries within the same clus-
ter. In this way, the LLM’s ability to recognize semantic equivalence is transferred to the
retrieval model during training, without requiring the LLM at inference time.

5.6.1 Problem Definition

To formalize retrieval coherence, we first establish notation for dense retrieval and then define
coherence as ranking consistency across equivalent queries.

Let 6 : @ xD — [0,1] be a dense retrieval model that computes similarity between a query
q and a document d. For a query ¢ and document collection D, define the top-k retrieved
documents as:

T&,D(Q) k) = [d(fa dga s 7dZ] (51)
where documents are ranked by decreasing similarity d(q,dj) > d(q,d, ;).
Given a cluster C = {q1,...,qn} of semantically equivalent queries, we define retrieval
coherence as the average rank similarity between retrieved document lists:
Coh (C.5) 2 S RBO(rsp(gi, k), 750 (05, k) (5.2)
oherence = — T, ; T, ; .
DR\L TL(TL — 1) o 6,D\4qi, K ), T5,D\ 455

where RBO (Rank-Biased Overlap) (Webber et al., 2010), described in detail in Section 2.9,
is particularly well suited for comparing ranked lists: it is top-weighted, differences in early
positions have greater impact, accommodates lists of different lengths, and returns values in
[0, 1] with an intuitive interpretation.

5.6.2 Experimental Setup

We evaluate the proposed Coherence Ranking loss on standard information retrieval bench-
marks, comparing against multiple baselines and analyzing both relevance and coherence
metrics. This section addresses the research questions summarized in Table 5.16.

Table 5.16: Research questions for document retrieval coherence.

RQ Research Question Section

RQ7 Do retrieval models return consistent document rankings? §5.6.3

RQ8 Can coherence-aware training improve coherence and relevance metrics? §5.6.5

RQ9 In which retrieval scenarios is ranking coherence most critical? §5.6.8

RQ10 Do coherence improvements transfer to out-of-domain benchmarks? §5.6.9
Datasets

We train and evaluate our models on two widely adopted information retrieval bench-
marks. The training data consist of triplets (g,d", D), where ¢ denotes a query, d* a rele-
vant passage, and D~ a set of hard negative passages. These negatives, documents that are
topically related to the query but not actually relevant, are mined using the dense-retrieval—
based procedure described in (Wang et al., 2021), which identifies challenging distractors and
thus supports more effective contrastive training. Statistics of the datasets are reported in
Table 5.17.
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MS-MARCO v1: A large-scale passage retrieval benchmark with 8.8 million passages and
495K training queries. We use 5 hard negatives per query mined following the procedure
of Wang et al. (2022). Since official test labels are not public, we split the development
set into validation consisting of 3490 queries and test consisting of 3490 queries.

Natural Questions (NQ): Originally containing 132K queries paired with Wikipedia pages,
we successfully extracted hard negatives for 120K queries using the same mining pro-
cedure as for MS-MARCO vl1, generating 10 hard negatives per query. We randomly
selected 3000 queries for development. The test set consists of 3452 queries over 2.68
million passages.

Table 5.17: Dataset statistics for retrieval experiments.

MS-MARCO v1 NQ
Index Passages 8,841,823 2,681,468
Training Queries 495,260 119,554
Development Queries 3,490 3,000
Test Queries 3,490 3,452
Hard Negatives per Query 5 10
Generated Queries per Original 10 10

Query Cluster Generation

To create question clusters for training and evaluation, we generate query variations using
Phi-3-mini (3.8B parameters). Note that here generated queries serve as data augmentation
to teach the model invariance to phrasing, rather than as semantic input at inference time as
in Section 5.3.2.

The generation prompt, visible in Appendix C.1, instructs the model to produce 10 seman-
tically equivalent reformulations of each query. To encourage lexical diversity, we provide style
templates from different QA datasets: QuAD-style (introductory phrase focusing on specific
information), MS-MARCO-style (open-ended information requests), DuoRC-style (using “if”
to set up context), HotpotQA-style (combining indicators with follow-up questions), NQ-style
(concise and direct), TriviaQA-style (open-ended, sometimes requiring nuanced answers), and
WebQA-style (requests for lists or sets of information). The model outputs a structured JSON
with each reformulation tagged by style. We validated the prompt by manually evaluating
100 random queries and their 10 generated variations, finding 100% equivalence accuracy.

Table 5.18 shows examples of generated query clusters.

Models

To verify that our approach generalizes across architectures, we experiment with three
encoder models of varying size and design:

« MPNet (110M parameters): Strong baseline on IR benchmarks. We use the multi-
ga-mpnet-base-cos-v1 checkpoint, pre-trained on various supervised and self-supervised
sentence similarity tasks.

e MiniLM-v2-L12 (33M parameters): Efficient model for resource-constrained deploy-
ments using all-MiniLM-L12-v2.
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Table 5.18: Examples of generated query clusters. Each block shows the original query from a given
dataset and representative reformulations in different styles.

MS-MARCO v1

Original: What is the typical function of simple epithelium?

QuAD-style: What specific function does simple epithelium serve?

MS-MARCO-style: 1 need to know what simple epithelium typically does. Can you tell me its
main function?

DuoRC-style: If we look at simple epithelium in the body, what is its main function?
HotpotQA-style: Considering tissue types and their roles, what is the main function of simple
epithelium, and why is it important?

NQ@-style: Could you explain the main function of simple epithelium?

TriviaQA-style: What role does simple epithelium play in the body?

WebQA-style: simple epithelium purpose

NQ

Original: what are signs of a mouse dying

QuAD-style: What are the key signs that indicate when a mouse is dying?

MS-MARCO-style: 1 need to know the most common signs that a mouse is dying. Can you
provide me with that information?

DuoRC-style: If a mouse is close to dying, what signs would you expect to see?

HotpotQA-style: Considering typical symptoms and behavioral changes, what are the common
signs that a mouse is dying?

NQ-style: What are the typical symptoms that indicate a mouse is dying?

TriviaQA-style: Identify the most common signs that a mouse is approaching the end of its life.
WebQA-style: signs a mouse is dying

e ModernBERT-base (133M parameters): Recent architecture designed for long se-
quences. Since ModernBERT was trained only with MLM objective, we continuously
pre-trained the checkpoint on 1.5B text-similarity pairs before fine-tuning on retrieval
tasks using the same pretraining of Chapter 3.

Training Configurations

We evaluate several training strategies to isolate the contribution of each component:

¢ Public checkpoint: the base model without any fine-tuning, pre-trained on various
supervised and self-supervised sentence similarity tasks.

e Fine-Tuning (FT): the public checkpoint fine-tuned on target training data (MS-
MARCO v1 or NQ) using standard Multiple Negative Ranking (MNR) loss on triplets
(q,d*, D).

¢ + Query Augmentation: training data is expanded with generated query variations.
For each triplet {q,d", D), we add 10 extra examples {(g;,d™, D7)}1%,, where each ¢;
is an equivalent query generated from gq.

o + Lqq: multi-task learning that alternates between MNR (query-document) and query
similarity objectives in round-robin fashion. On each iteration: (i) one optimization step
with MNR loss; (ii) one step optimizing query similarity on pairs (g;, ¢;) where ¢; = g;.
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e + Lcr: our proposed Coherence Ranking loss (Section 5.6.4), which jointly optimizes
MNR and query-similarity through a unified objective.

e Full: combines Lo with query augmentation.

We also compare against two lexical baselines: BM25, using the Pyserini corpus with
query expansion, and SPLADE++ (Formal et al., 2022), a learned sparse retrieval method.

Training uses learning rate grid search over {5 x 1077 to 3 x 1075}, batch sizes from 32
to 1024, AdamW optimizer with 10% warmup, up to 15 epochs with early stopping (patience
5), and 8x NVIDIA H100 GPUs.

5.6.3 Baseline Coherence Analysis

Before introducing our proposed loss, we first quantify the coherence of existing retrieval
methods to establish the severity of the problem. For each test query g, we use its cluster
of 10 generated equivalent queries C' = {qi,...,q10}. We run the retrieval model on both
the original query ¢ and all generated queries in C, obtaining top-k ranked lists. We then
measure the similarity between the ranking produced by ¢ and those produced by each ¢; € C,
using RBO and Spearman correlation. Details on both metrics are available in Section 2.9.1.
We focus on top-5 results (RBO@5, Spearman@5) and average across all test queries. Higher
values indicate more coherent rankings: the model returns similar documents regardless of how
the query is phrased. For this baseline analysis, we use MPNet as the representative dense
retrieval model; generalization to other architectures is evaluated in Section 5.6.7.

Table 5.19 shows baseline coherence of different retrieval approaches.

Table 5.19: Baseline coherence of retrieval methods. RBO@5 and Spearman@5 measure ranking
overlap between original and generated queries (higher = more coherent). Results averaged over 5
runs.

MS-MARCO NQ
Model RBO@5 Spearman@5 RBO@5 Spearman@5
BM25 0.224 .24 0.45+.11 0.40+.27 0.49+ .15
SPLADE++ 0.46+.2s 0.49+ .15 0.65+.23 0.54+ .18
MPNet (public) 0.42+ 25 0.46+.12 0.57+.22 0.49+.15
MPNet (fine-tuned) 0.46+ .26 0.47+.13 0.54+.23 0.49+.16

Key Findings

All Retrieval Methods Exhibit Coherence Gaps (RQT7). Lexical methods are highly
sensitive to query phrasing: BM25 produces RBO@5 of only 0.22 on MS-MARCO, meaning
top-5 documents differ substantially across query phrasings. SPLADE++, thanks to query
expansion, achieves better coherence (0.46 on MS-MARCO). Dense models improve but re-
main incoherent: fine-tuned MPNet achieves 0.46 RBO@5 on MS-MARCO (from 0.42 for
the public checkpoint), but this is still far from perfect coherence. Interestingly, on NQ fine-
tuning actually decreases coherence from 0.57 to 0.54, suggesting that standard MNR training
may overfit to surface patterns rather than learning robust semantic matching.
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5.6.4 Coherence Ranking Loss

The baseline analysis reveals that standard fine-tuning does not address, and can even worsen,
the coherence problem. In light of this, we propose a Coherence Ranking (CR) loss that
explicitly optimizes for ranking consistency across equivalent queries. Rather than relying on
data augmentation alone, which showed inconsistent results, the CR loss directly penalizes
ranking discrepancies within query clusters. The loss extends the standard Multiple Negative
Ranking (MNR) loss with two additional components.

Loss Components

As mentioned, the CR loss builds upon standard MNR contrastive training. We first
review the base objective, then introduce our two additional terms.

Base: Multiple Negative Ranking (MINR): Standard dense retrieval training uses contrastive
loss over triplets (q,d™, D™):

exp(s(q,d")/7)
exp(s(g, d¥)/7) + X gep- exp(s(g, d)/7)

where s(q,d) = cos(q,d) is the cosine similarity between query and document embed-
dings, and 7 is a temperature parameter. This loss encourages the model to rank the
positive document d* above negatives D~, but does not explicitly encourage consistent
rankings across equivalent queries.

'CMNR((L d+7 D_) = - lOg

(5.3)

Extension 1: Query Embedding Alignment (QEA): Given a cluster of equivalent queries

C={q,q1,--.,qm}, this term penalizes differences between their embeddings, encour-
aging the model to map equivalent queries to similar representations:
q;€C

Intuitively, if equivalent queries have similar embeddings, they will retrieve similar doc-
uments.

Extension 2: Similarity Margin Consistency (SMC): While QEA operates in embedding
space, SMC acts directly on retrieval scores. It enforces that equivalent queries maintain
the same similarity margins between positive and negative documents:

Lsnc(,C.d™, D7) = > N (mlg,d*,d) — m(q;, d*,d))” (5.5)
QzGCdED7

where the margin m(q,d",d) = s(q,d") — s(q, d) measures how much the model prefers
d* over d. This ensures that equivalent queries not only retrieve similar documents, but
rank them similarly.

The full Coherence Ranking loss combines MNR, with the two coherence terms:
Lcr = Lunr + M LgeA + A2Lsmc (5.6)

where A1 and A9 control the weight of each coherence component, selected via grid search over
{0,0.2,0.5,0.8,1.0}. The ablation study in Section 5.6.6 shows that both terms are necessary:
using either alone yields suboptimal results.

Figure 5.6 provides a visual overview of the CR loss architecture.
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Figure 5.6: Overview of the Coherence Ranking (CR) Loss. A cluster of equivalent queries
C =1{q¢,q1,92,...} is encoded into embeddings. The loss combines three components: Lqra aligns the
embeddings of equivalent queries in the representation space; Lgyic ensures that equivalent queries pro-
duce consistent similarity margins with respect to documents; Lyng ensures that relevant documents
rank above negatives. Both coherence terms are necessary: using either alone degrades performance
(Section 5.6.6).

5.6.5 Main Results

Having defined the CR loss, we evaluate its effectiveness on MS-MARCO v1 and Natural
Questions. A natural concern is whether optimizing for coherence might hurt relevance, the
results show this is not the case. Table 5.20 presents the full comparison.

Key Findings

CR Loss Improves Both Coherence and Relevance (RQ8). On MS-MARCO, CR loss
achieves 0.60 RBO@5 (+30% relative over FT baseline) while also improving relevance: +0.47
NDCG@10 and +0.19 P@Q1. On NQ, improvements are even larger: RBO@5 increases from
0.54 to 0.70 (+30% relative), alongside +1.69 NDCG@10 and +1.33 PQ1. This confirms that

coherence and relevance are complementary objectives.

Query Augmentation Trades Off Relevance and Coherence. Simple data augmentation
with generated queries improves coherence, 0.46 to 0.59 RBO on MS-MARCO, but hurts
relevance, from 41.51 to 40.05 NDCG, and from 22.82 to 21.85 P@1). CR loss achieves better
coherence and better relevance, demonstrating that the loss formulation is superior to naive
augmentation.

Combining CR with Augmentation (Full) Maximizes Coherence. The Full configura-
tion achieves the highest coherence, 0.63 on MS-MARCO v1 and 0.71 RBO on NQ), but slightly
lower relevance than CR alone. For applications prioritizing consistency, Full is preferred.

Lexical Baselines Confirm Dense Retrieval Advantages. BM25 shows poor coherence,
0.22 RBO and relevance 16.74 P@Q1 on MS-MARCO v1. SPLADE++, which learns sparse

representations, achieves coherence comparable to dense baselines, 0.46 RB, with competitive
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Table 5.20: Document retrieval results with MPNet on MS-MARCO v1 and Natural Questions. Best
results in bold; results averaged over 5 runs with standard deviation.

Relevance Coherence
Configuration P@il NDCG@10 MRR@10 MAP@100 RBO@5 Spear.@5

MS-MARCO v1

Public ckpt 21.58 39.88 33.79 34.27 0.42+.25 0.46+.12
FT 22.82+.11 41.51+.08 35.34+.12 35.68+.11 0.46+.26 0.47+.13
+ Q.Augm. 21.85+.12 40.05+.21 33.96+.41 34.31+.21 0.59+.27 0.54+.17
+ Lqq 22.87+.21 41.31+.10 35.10+.08 35.50+.10 0.51+.27 0.49+.15
+ Lcr 23.01+.10 41.98+.17 35.73+.16 35.70+.13 0.60+.26 0.53+.17
Full 22.46+.10 41.43+.18 34.71+.18 35.18+.15 0.63+.26 0.55+.18
BM25 16.74 33.19 27.13 27.85 0.22+.24 0.45+.11
SPLADE++ 21.74 40.08 33.72 34.35 0.46+.28 0.49+.15

Natural Questions

Public ckpt 30.71 46.53 42.59 40.79 0.57+.22 0.49+.15
FT 38.16+.17 52.16+.13 49.50+.17 47.50+.18 0.54+.23 0.49+.16
+ Q.Augm. 38.57+.11 53.00+.01 49.89+.08 47.66+.16 0.66+.23 0.54+.19
+ Lqq 38.84+.04 53.42+.07 50.23+.08 48.25+.10 0.59+.23 0.51+.a7
+ Lcr 39.49+.11 53.85+.08 50.65+.09 48.56+.04 0.70+.22 0.55+.19
Full 39.36+.11 53.73+.07 50.50+.10 48.29+ .08 0.71+.21 0.57+.20
BM25 16.48 30.55 26.34 25.86 0.40+.27 0.49+.15
SPLADE-++ 29.66 44.89 41.11 39.43 0.65+.23 0.54+.18

Table 5.21: Ablation study on CR loss components. MNR is always included. Results on MS-
MARCO with MPNet.

Configuration Pa1 NDCG@10 RBO@5
Lyvng only (FT baseline) 22.82+.11 41.51+.08 0.46-+ .26
+ Lqga only 22.78+.12 41.26+.14 0.20+.16
+ Lsmc only 22.81+.12 41.51+14 0.22+.18
+ Lcr (both) 23.01+.10 41.981 .17 0.60x .26

relevance. However, CR-trained dense models substantially outperform both lexical methods
on both metrics.

5.6.6 Ablation Study on Loss Components

We investigate whether both loss components, QEA and SMC, are necessary, or whether one
alone would suffice. Table 5.21 isolates the contribution of each component on MS-MARCO
vl.

The results reveal a surprising pattern: using either component alone actually decreases
coherence compared to baseline, with RBO dropping from 0.46 to 0.20-0.22. Only when com-
bined do QEA and SMC achieve the desired improvement (0.60 RBO). We hypothesize the
following dynamics. QEA alone pushes embeddings of equivalent queries closer together, but
without any constraint on document relationships, this may cause the model to map queries
too aggressively into a narrow region of embedding space, losing fine-grained distinctions that
matter for ranking. On the other hand, SMC alone penalizes margin inconsistencies, but
since query embeddings remain spread out, there is no QEA regularization, the optimization
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signal is noisy and may lead to unstable training dynamics. When combined, QEA provides
a stable foundation by aligning equivalent queries in embedding space, while SMC ensures
this alignment translates into consistent similarity scores with documents. The two compo-
nents address complementary aspects of the coherence problem: QEA operates at the query
representation level, SMC at the query-document interaction level.

5.6.7 Generalization Across Models

All experiments so far have used MPNet as the encoder model. To verify that CR loss gener-
alizes beyond a single architecture, we evaluate it on two additional models: MiniLM-v2-12L
(33M parameters), a compact model designed for efficient dense retrieval, and ModernBERT-
base (133M parameters), a recent model designed for long sequences. Table 5.22 presents the
results for all configurations, including lexical baselines for reference.

Table 5.22: CR loss generalization across MiniLM-v2-12L. and ModernBERT-base models. Results
on MS-MARCO vl and NQ. For reference, BM25 and SPLADE++ have also been reported. Best
results in bold; results averaged over 5 runs with standard deviation.

MiniLM-v2-12L ModernBERT-base
Configuration P@1 NDCG@10 RBOQ@5 PQ@1 NDCG@10 RBO@5
MS-MARCO v1
Public ckpt 21.61+0.12 39.12+0.10 0.39+0.24  15.02+0.13 31.03+0.12 0.40+0.25
FT 22.58+0.11 40.47+0.09 0.44+0.25 22.82+0.12 41.63+0.10 0.39+0.24
+ Q.Augm. 22.72+0.14 40.38+0.12 0.55+0.26  21.68+0.14 39.92+0.13 0.56+0.26
Lqq 22.83+0.13 40.52+0.11 0.57+0.26  21.91+0.13 40.58+0.11 0.49+0.25
Lcr 23.32+0.10 41.11+0.10 0.57+0.27 23.01+o0.11 41.91+0.10 0.56+0.26
BM25 16.73+0.01 33.18+0.01 0.2240.23 16.48+0.01 30.52+0.02 0.40+0.24
SPLADE-++ 21.73+0.08 40.09+0.07 0.46+0.27  29.69+0.10 44.91+0.09 0.65+0.24

Natural Questions

Public ckpt 26.29+0.13 41.38+0.10 0.53+0.23  21.81+0.14 37.58+0.12 0.58+0.23
FT 34.81+0.12 48.29+0.09 0.46+0.22 36.57+0.12 50.43+0.10 0.15+0.19
+ Q.Augm. 35.38+0.13 48.12+0.10 0.61+0.25  35.9140.14 50.18+0.11 0.61+0.23
Lqq 35.42+0.11 48.68+0.09 0.44+0.23  36.82+0.12 50.97+0.10 0.38+0.23
Lcr 36.11+0.10 49.21+0.09 0.65+0.22 37.18+0.11 51.08+0.10 0.65+0.22
BM25 16.48+0.01 30.61+0.02 0.40+0.27 16.19+0.01 30.33+0.02 0.39+0.26
SPLADE-++ 29.68+0.10 44.92+0.08 0.65+0.23  39.41+o0.10 56.31+0.09 0.67+0.23

Key Findings

CR Loss Generalizes Across Architectures (RQ8). Both MiniLM and ModernBERT
show consistent improvements with CR loss, confirming that the approach is not specific to
MPNet. On MS-MARCO v1, CR loss achieves the best relevance metrics for both models,
23.32 PQ1 for MiniLM, 23.01 for ModernBERT, while maintaining strong coherence of 0.57
and 0.56 RBO respectively. The pattern observed with MPNet holds: query augmentation and
Lqq improve coherence but often hurt relevance, while CR loss improves both simultaneously.

CR Loss Recovers Coherence Lost During Fine-tuning. The results on NQ reveal an
important phenomenon. ModernBERT’s coherence after fine-tuning drops dramatically, from
0.58 RBO Public checkpoint to only 0.15 RBO, suggesting that standard MNR training causes
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the model to overfit to surface patterns in ways that severely harm coherence. CR loss recovers
this lost coherence, improving RBO from 0.15 to 0.65, while also achieving the best relevance:
37.18 P@1 and 51.08 NDCG@10. MiniLM shows a similar pattern: fine-tuning decreases
coherence from 0.53 to 0.46, and CR loss restores it to 0.65.

CR Loss Outperforms Lexical Baselines. CR-trained dense models outperform BM25
and SPLADE++4 on both relevance and coherence across all configurations. This confirms
that the coherence improvements from CR loss do not come at the cost of competitiveness
with strong lexical baselines, but rather enhance the overall retrieval quality.

CR Loss Acts as Architecture-Independent Regularizer. The results suggest that CR
loss is particularly valuable when standard training degrades coherence, acting as a regularizer
that prevents the model from learning spurious correlations between query surface forms and
document rankings. This effect is consistent across models of different sizes and architectural
choices.

5.6.8 Retrieval Complexity Analysis

The previous experiments evaluated coherence on the full test set. However, we hypothesize
that coherence is particularly critical in scenarios where the retrieval task itself is ambiguous,
i.e., when multiple documents have similar relevance scores and the model must make fine-
grained distinctions. In such cases, small perturbations in the query embedding, caused by
different query wording, can lead to large changes in the final ranking, since documents near
the decision boundary may swap positions.

To test this hypothesis, we identify “complexr” queries as those where the difference in
retrieval scores between the top-1 and 50th ranked document is less than 0.1. This criterion
captures queries where the model assigns nearly identical scores to many candidates, making
the ranking highly sensitive to input variations. The goal of this analysis is to determine
whether CR loss provides greater benefits precisely in these challenging scenarios.

For instance, in MS-MARCO v1, queries like “What constitutional amendment granted
American women suffrage?” exhibit this pattern: many documents discuss constitutional
amendments or women’s rights, receiving similar scores. In NQ, “where does the great outdoors
movie take place” similarly retrieves multiple location-related passages with near-identical
relevance. Table 5.23 presents the results of this analysis.

Table 5.23: RBO@5 (coherence) on “complex” queries where the retrieval score difference between
top-1 and top-50 documents is less than 0.1. These queries are particularly sensitive to input variations.

Configuration MS-MARCO NQ

Public ckpt 0.16+0.14 0.41x0.21
FT 0.17+0.14 0.25+0.17
+ Q.Augm. 0.32+0.23 0.43+0.24
+ ﬁQQ 0.24+0.18 0.30=+0.20
+ Lcr 0.34+0.24 0.49+0.23
Full 0.38+0.25 0.52+0.24
BM25 0.07x0.14 0.36+0.27
SPLADE+-+ 0.23+0.21 0.4810.26
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Key Findings

CR Loss Dramatically Improves Coherence on Complex Queries (RQ9). Coherence on
complex queries is substantially lower than on the full test set (compare with Table 5.20): on
MS-MARCO v1, FT achieves only 0.17 RBO versus 0.46 on the full set; on NQ, the drop is even
more dramatic, from 0.54 to 0.25. This confirms our hypothesis that when many documents
have similar relevance scores, small input variations cause large ranking changes. CR loss
shows its greatest benefits precisely in these challenging cases: on MS-MARCO v1, coherence
improves from 0.16 (public checkpoint) to 0.38 (Full), a +138% relative improvement; on
NQ, from 0.25 (FT) to 0.52 (Full), more than doubling coherence. This suggests that CR
loss is particularly valuable when document relevance scores are closely clustered. Lexical
methods struggle even more: BM25 achieves only 0.07 RBO on MS-MARCO, highlighting
that token-based matching is especially brittle when fine-grained semantic distinctions are
required. SPLADE++ performs better (0.23 on MS-MARCO, 0.48 on NQ) but still below
CR-trained dense models.

5.6.9 Transfer Evaluation: BEIR and TREC-DL

A key question for any training method is whether improvements on the training domain trans-
fer to unseen domains. This is particularly important for CR loss, since the coherence signal
comes from generated query variations that may reflect patterns specific to MS-MARCO. To
assess generalization, we evaluate MS-MARCO-trained MPNet models on two standard trans-
fer benchmarks: BEIR, a diverse collection of 11 retrieval datasets spanning scientific, legal,
and general domains, and TREC-DL 2019/2020, which uses the same MS-MARCO corpus
but with different, more comprehensive relevance judgments.

Tables 5.24 and 5.25 present zero-shot transfer results on BEIR. Since models are trained
only on MS-MARCO, we focus on average performance across datasets rather than individual
benchmarks, which would require domain-specific fine-tuning.

Table 5.24: NDCG@10 on BEIR benchmark (zero-shot transfer from MS-MARCO). Part 1/2.

Configuration Scifact SciDocs FiQA NFCorpus Touche DBPedia

Public 59.98 51.01 32.11 16.55 47.42 35.31
FT 59.08 47.72 31.94 23.89 46.89 36.72
+ Q.Augm. 59.56 46.86 32.26 23.82 44.42 35.86
+ Lqq 59.95 46.74 31.93 24.52 46.38 36.71
+ Lcr 60.46 48.50 32.77 23.54 46.16 36.62

Table 5.25: NDCG@10 on BEIR benchmark (zero-shot transfer from MS-MARCO). Part 2/2.

Configuration Climate Quora FEVER NQ HotpotQA Avg
Public 25.35 87.69 17.39 58.77 47.57 43.56
FT 25.16 88.15 16.88 60.60 52.04 44.46
+ Q.Augm. 26.51 86.81 16.65 44.07 55.22 42.96
+ Lqq 25.39 88.91 16.88 44.25 54.48 44.01
+ Lcr 26.04 88.61 17.24 60.26 54.19 44.94
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Table 5.26: Results on TREC-DL benchmarks (zero-shot transfer from MS-MARCO training).

TREC-DL ’19 TREC-DL °’20
Configuration NDCG@10 RBO@5 NDCG@10 RBO@5
Public ckpt 64.35 0.14+0.12 63.36 0.16+0.13
FT 69.77 0.15+0.13 65.52 0.16+0.14
+ Q.Augm. 70.46 0.16+0.15 65.49 0.16+0.15
+ Lqq 69.39 0.16+0.14 65.61 0.16+0.14
+ Lcr 71.14 0.19+0.14 65.82 0.19+0.12

Key Findings

CR Loss Improves Transfer and Does Not Harm Generalization (RQ10). On BEIR,
CR loss achieves the best average performance (44.94 NDCG@10) compared to standard
fine-tuning (44.46) and the public checkpoint (43.56), with notable improvements on Scifact
(4+1.38), HotpotQA (+2.15), and Climate-FEVER (40.88). On TREC-DL benchmarks, CR
loss achieves the best NDCG@10 on both years: 71.14 on TREC-DL ’19 (+1.37 over FT) and
65.82 on TREC-DL 20 (4-0.30 over FT), with coherence also improving (RBO@5 from 0.15 to
0.19). These results confirm that the coherence signal from CR loss does not cause overfitting
to MS-MARCO-specific patterns; instead, the regularization effect extends to out-of-domain
transfer.

5.6.10 Impact on Downstream Applications

Retrieval models are rarely used in isolation as they typically serve as components in larger
pipelines such as retrieve-and-rerank or RAG systems. We therefore evaluate whether the
coherence improvements observed at the retrieval level propagate to these downstream appli-
cations.

Retrieve-and-Rerank Pipelines

In production systems, dense retrieval is often followed by a cross-encoder reranker (Nogueira
and Cho, 2020) that rescores the top-k retrieved documents. While rerankers can correct some
retrieval errors, they can only select from the documents provided by the first-stage retriever.
If an incoherent retriever fails to include the best document in its top-k for certain query
phrasings, the reranker cannot recover this document.

To quantify this effect, we define reranking opportunity: the probability that the document
selected by the reranker (from top-50) appears in the top-50 for all query variations. Formally,
let d* € 75p(¢q,50) be the document selected by the reranker for query ¢ from cluster C. The
reranking opportunity is:

. 1 .
opportunity(q) = == 3 11, (g 50)(d") (5.7)
| | qi€C
The higher the opportunity, the lower the risk of dropping the highest-reranked document
due to query sensitivity. We use BGE-reranker-large (Xiao et al., 2023b), a state-of-the-art
cross-encoder reranker, for this evaluation.
Key Findings

CR Loss Improves Reranking Opportunity. Table 5.27 shows that CR loss substantially
improves reranking opportunity across all models and datasets. On MS-MARCO, CR-trained
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Table 5.27: Reranking opportunity (%) with BGE-reranker-large. Higher values indicate more con-
sistent retrieval of the best-reranked document across query variations.

MS-MARCO NQ
Configuration MPNet MiniLM ModernBERT | MPNet MiniLM ModernBERT
Public ckpt 75.7 73.4 74.9 59.5 31.9 59.3
FT 79.7 78.4 75.8 58.9 52.6 11.8
+ Q.Augm. 85.9 83.7 84.5 67.5 63.6 59.4
+ Lqq 82.4 80.9 83.0 55.4 66.0 23.7
+ Lcr 87.0 85.7 85.5 70.9 70.4 65.8
BM25 59.4 63.2
SPLADE++ 7.7 67.5

Table 5.28: RAG accuracy (%) on KILT benchmarks using Mistral-7B-Instruct with top-5 retrieved
documents.

Retriever Configuration Accuracy
MPNet (FT) 60.0
MPNet (+ LcRr) 60.4

models achieve 85.5-87.0% opportunity compared to 75.8-79.7% for standard fine-tuning. On
NQ, the improvements are even more dramatic: ModernBERT’s opportunity increases from
a catastrophic 11.8% (FT) to 65.8% (454 absolute), while MPNet improves from 58.9% to
70.9% (+12 absolute). Across all configurations, CR loss consistently achieves the highest
reranking opportunity.

Practical Implications. These results have direct practical implications. With standard
fine-tuning on NQ, ModernBERT would fail to include the best-reranked document for 88%
of query variations as the reranker would almost never see the optimal document. CR loss
reduces this failure rate to 34%. For MPNet on MS-MARCO v1, CR loss reduces the failure
rate from approximately 20% to 13%, ensuring the reranker has more consistent access to
high-quality candidates regardless of query phrasing.

RAG Pipelines

RAG systems combine retrieval with language model generation, using retrieved docu-
ments as context for answer generation. In these pipelines, retrieval coherence affects not
only which documents the LLM sees, but also the consistency of generated answers across
equivalent query phrasings.

To evaluate this, we simulate a RAG pipeline using Mistral-7B-Instruct-v0.2 as the gen-
erator, with top-5 documents from our retrieval models providing context. We evaluate on
KILT benchmarks (Petroni et al., 2021), which include knowledge-intensive tasks such as fact
verification and open-domain question answering.

Key Findings

Coherence Benefits Propagate to RAG. As shown in Table 5.28, CR-trained retrieval
improves RAG accuracy by +0.4% absolute, from 60.0% to 60.4%). While this improvement
may appear modest, it is notable for several reasons. First, this is a zero-shot evaluation where
the retriever was not optimized for KILT tasks. Second, the LLM can partially compensate
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Table 5.29: Comparison with query reformulation approaches on TREC-DL benchmarks. Reformu-
lation methods underperform even the baseline without reformulation. Results are computed using
the MPNet model.

TREC-DL °19 TREC-DL ’20
Configuration pa1 NDCG@10 pa1l NDCGQ10
No reformulation (FT) 83.72 69.77 81.48 65.52
Centroid 76.74 67.16 78.22 61.68
Best 82.80 65.02 80.95 65.47
+ Lcr 83.72 71.14 81.65 65.82

for retrieval inconsistencies through its own reasoning capabilities. Third, small improvements
in retrieval quality can compound across many queries in production systems.

5.6.11 Comparison with Query Reformulation

Query reformulation is a popular approach to improve retrieval robustness by rewriting the
input query at inference time (He et al., 2016b; Ma et al., 2023). We compare against these
methods to determine whether inference-time reformulation can achieve similar coherence
improvements to our CR loss, which instead modifies the training objective. We compare
against two representative train-free reformulation approaches. All the methods are based on
MPNet model.

Centroid (Kostric and Balog, 2024): The retrieval model first computes embeddings for both
the original query e, and all k reformulations e,,,...,e,, . The final query embedding
used for retrieval is the centroid (unweighted average): %H(eq + >, er,). The intuition
is that the center of mass of multiple reformulations will likely correspond better to
the user’s underlying information need than any single query phrasing. Note that in
the original work by Kostric and Balog (2024), a weighted average is used where each
reformulation receives a score based on conversation history; since our setting involves
single-turn queries without conversation context, we use an unweighted average.

Best: The retrieval model is run on all available reformulations, and the final ranked list is
constructed by selecting documents based on the highest score they receive across any
reformulation. This allows the model to retrieve documents that may receive low scores
with the original query but high scores with a particular reformulation.

Table 5.29 presents results on TREC-DL benchmarks. Both reformulation approaches
underperform the baseline without reformulation: Centroid drops P@1 by 7 points and
NDCG@10 by 2.6 points on TREC-DL ’19, while Best drops NDCG@10 by 4.75 points. In
contrast, our CR loss maintains the same P@1 while improving NDCG@10 by +1.37 points.

We hypothesize that reformulation methods are better suited to conversational settings
where query context evolves across turns, rather than single-turn factoid QA where the original
query already expresses the user’s intent clearly. In our setting, averaging reformulations
(Centroid) may dilute the original query’s signal, while selecting by maximum score (Best)
may introduce noise from reformulations that drift from the original intent. Additionally,
reformulation introduces runtime overhead as it requires an LLM to generate reformulations
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for each query. Overall, the results demonstrate that improving coherence through training
with CR loss is more effective than attempting to compensate for incoherence at inference
time using reformulation approaches. CR loss produces a model that is inherently robust to
query variation, with no additional inference cost.

5.6.12 Qualitative Examples

To provide intuition for how CR training affects retrieval behavior, Table 5.30 shows concrete
examples of how CR training improves coherence.

Table 5.30: Examples of coherence improvement. FT model retrieves different top-ranked documents
for equivalent queries; CR model retrieves consistent results.

Query Retrieved Top Documents

Example 1: Flea lifespan

Q1: What is the average lifes- FT-D1 (Rank #1):

o
pan of a flea’ “How long is the life span of a flea? 30-90 days

(average). A flea might live a year and a half
under ideal conditions... Generally speaking, an
adult flea only lives 2—3 months.”

Q2: Can you explain the typ- FT-D2 (Rank #2):
ical duration it takes for a flea

to complete its life cycle? “It takes around 2 days for eggs to hatch, 7 days

for the larvae to pupate, and another 7 days until
the adult stage is reached.”

CR model: Returns D1 for both queries.

Ezxample 2: Shark thermoregulation

Q1: What mechanism allows FT-D1 (Rank #1):
some sharks to retain warmth

internally? “White sharks have a counter-current heat ex-

change system keeping their body temperature
above ambient water...”

Q2: How does a select group of FT-D2 (Rank #2):
sharks maintain a higher body

temperature? “To maintain a warm body in cold water, a warm-

bodied shark must burn fuel like a blast furnace...”

CR model: Returns DI for both queries.

In both examples, the FT model returns different documents for equivalent queries, with
the second document being less relevant. The CR model consistently returns the more relevant
document for all query phrasings.

5.6.13 Summary

This section demonstrated that dense retrieval models exhibit significant coherence gaps when
processing equivalent queries (RQ7), and introduced the Coherence Ranking loss to address
this limitation. The key findings are:
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1. Baseline incoherence is substantial: Even fine-tuned dense models achieve only
0.46-0.54 RBO@5, meaning top-5 rankings differ substantially across equivalent query
phrasings. Lexical methods (BM25) are even more sensitive.

2. CR loss improves both coherence and relevance: The combination of Query
Embedding Alignment and Similarity Margin Consistency improves coherence by up
to +30% RBO while simultaneously improving NDCG by up to +1.69 points (RQ8).
Critically, individual components hurt performance; only their combination succeeds.

3. Benefits transfer across domains: Coherence improvements generalize to BEIR and
TREC-DL benchmarks, and propagate to downstream applications including retrieve-
and-rerank (49.3% reranking opportunity) and RAG pipelines (+0.4% accuracy) (RQ10).

4. Coherence is most critical for complex queries: When multiple documents have
similar relevance scores, coherence degrades severely (0.16-0.17 RBO on MS-MARCO
versus 0.46 on the full set). CR loss provides dramatic improvements in these scenarios
(+138% on MS-MARCO), more than doubling coherence on NQ (RQ9).

These findings establish that retrieval coherence can be substantially improved through
explicit optimization, and that this improvement complements rather than conflicts with
accuracy optimization.

5.7 Discussion

This chapter presented four studies: (i) LLM coherence analysis with q-RAG, (ii) coherence-
aware LLM training via DPO and SFT, (iii) multilingual evaluation, and (iv) retrieval co-
herence optimization with CR Loss. All these studies converge on a unified perspective:
coherence is a fundamental property that current training paradigms do not explicitly optimize
for, yet can be substantially improved through question clustering.

5.7.1 Coherence as Understanding, Not Knowledge

A consistent finding across experiments is that coherence failures are primarily failures of
understanding rather than knowledge. When a model correctly answers “What is the capital
of France?” but fails on “Which city serves as France’s capital?”, the required knowledge is
identical, the model demonstrably possesses the information yet fails to access it consistently.
This is not an isolated phenomenon: across our LLM experiments, a consistent fraction of
question clusters exhibited this incoherent pattern, where models succeeded on some phrasings
while failing on equivalent alternatives (Figure 5.1).

The distinction between knowledge gaps and understanding gaps has important impli-
cations. A knowledge gap means the model lacks the required information entirely, it fails
consistently across all phrasings because the answer is simply not encoded in its parameters.
An understanding gap means the model possesses the information but cannot reliably access
it. In this scenario, the success depends on whether the surface form of the question hap-
pens to activate the right internal representations. The presence of incoherent clusters in our
experiments suggests that understanding gaps are a substantial contributor to QA failures,
perhaps more than previously recognized.
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This reframes how we should approach model improvement. Traditional approaches focus
on expanding knowledge: larger training corpora, retrieval augmentation with external docu-
ments, continued pre-training on domain-specific text. These approaches address knowledge
gaps effectively but leave understanding gaps untouched. Moreover, a model that cannot
consistently map equivalent surface forms to the same underlying concept will not be helped
by more facts.

The success of g-RAG supports this analysis. Retrieved support questions contain no new
factual information as they are simply alternative phrasings of the same information need. The
¢-RAG method improves accuracy by up to 9 percentage points, outperforming traditional
document-based RAG which does provide new facts. This counterintuitive result makes sense
through the lens of understanding gaps: redundant semantic signal helps the model triangulate
the user’s intent, increasing the probability of activating the correct parametric knowledge.
The bottleneck, for many questions, is not missing knowledge but unreliable access to existing
knowledge.

5.7.2 Independence of Coherence and Accuracy

One of the most surprising insights emerging from this work is the disconnect between co-
herence and accuracy metrics that are often implicitly assumed to vary together. Our re-
sults challenge this intuition. For example, Smaug-72B attains the highest accuracy on QRC
(83.59%), but its coherence remains only moderate (54.51). In contrast, Llama2-70B exhibits
the opposite trend, with lower accuracy (77.69%) but substantially higher coherence (81.36).

This dissociation means the two metrics capture genuinely different aspects of model
behavior. A model can be consistently wrong with high coherence and low accuracy or incon-
sistently right with high accuracy and low coherence. From a user perspective, these failure
modes feel quite different. Interacting with Smaug, a user would get correct answers more
often on average, but would also experience frustrating inconsistencies where rephrasing a
question yields a different answer. Interacting with Llama2, answers would be wrong more
often, but at least the behavior would be predictable. Which tradeoff is preferable depends
on the application: for a trivia game, Smaug’s higher accuracy might win; for a medical in-
formation system where users naturally reformulate questions seeking confirmation, Llama2’s
consistency might matter more.

Additionally, this independence suggests that coherence deserves explicit evaluation along-
side traditional accuracy metrics. Current benchmarks average over individual examples, po-
tentially masking systematic inconsistencies. A model with 80% accuracy that fails randomly
is quite different from one that fails specifically on certain phrasings, even if both achieve the
same aggregate score. The per-cluster evaluation methodology, measuring consistency across
equivalent questions rather than aggregate accuracy, reveals failure patterns that traditional
metrics obscure. We believe coherence metrics should become standard in QA evaluation,
particularly for user-facing applications where query reformulation is common.

5.7.3 Question Clusters as a Unifying Principle

Both q-RAG and the Coherence Ranking Loss leverage question clusters, but in comple-
mentary ways that highlight a common underlying principle. The coherence-aware training
experiments extend this to a third approach.
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First, g-RAG uses clusters to provide redundant semantic signal at inference time. The in-
tuition is that any single question phrasing might or might not activate the relevant parametric
knowledge in the LLM as surface features like word choice and syntax influence which inter-
nal patterns the model matches. In the same way, a suboptimal match can lead to incorrect
retrieval of stored knowledge. By providing multiple equivalent phrasings, we give the model
multiple chances to activate the right representations. If even one phrasing triggers strong
activation, the model can leverage that signal to produce a correct answer. This explains why
retrieved questions outperform generated paraphrases: organically diverse questions from real
users probe different aspects of the model’s representation space, while LLM-generated para-
phrases tend to cluster in similar regions.

On the other hand, CR Loss uses clusters differently: rather than providing redundant
signal at inference time, it defines consistency constraints during training. By penalizing rank-
ing discrepancies across equivalent queries, we force the encoder to learn phrasing-invariant
representations. The model cannot satisfy the loss by memorizing surface patterns as it must
learn that “What is the capital of France?” and “Which city serves as France’s capital?”
should produce identical correct document rankings. The result is a model that naturally
produces consistent outputs without requiring runtime augmentation.

The coherence-aware training experiments (Section 5.4) demonstrate a third use of clus-
ters: generating preference pairs for alignment. By using q-RAG responses as chosen examples
and baseline responses as rejected examples, we create training signal that teaches the model
to produce coherent answers directly, without requiring cluster retrieval at inference time.
This bridges the inference-time approach of -RAG and the training-time approach of CR
Loss.

Despite targeting different pipeline components, generation vs. retrieval, and operating
at different times, inference vs. training, all three approaches share a core insight: question
clusters define the semantic invariances that robust QA systems should respect. An ideal
system would produce identical outputs for all questions within a cluster. The results in this
chapter demonstrate that explicit cluster-based optimization, whether providing redundant
signal at inference time or encoding consistency constraints during training, moves systems
measurably closer to this ideal.

5.7.4 Connection to Previous Chapters

This chapter makes explicit the cluster structure that was implicit in earlier work. Chap-
ter 3 built systems to identify equivalent questions, learning to recognize cluster membership.
Chapter 4 trained models to detect ranking perturbations without seeing the query, forcing
them to internalize cluster structure implicitly. This chapter directly leverages explicit clus-
ters for coherence optimization, completing the progression from implicit learning to explicit
application.

5.7.5 Limitations

Several limitations should be acknowledged. First, both -RAG and CR Loss depend on clus-
ter quality; noisy clusters could inject misleading signal or incorrect consistency constraints.
The retrieval system from Chapter 3 provides high-quality clusters for open-domain ques-
tions, and the ablation study in Section 5.6.4 confirms that both QEA and SMC components
are necessary, neither alone suffices. However, specialized domains would require adapta-
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tion. Second, our methods target factual questions with well-defined answers. For subjective
questions, different phrasings may legitimately warrant different responses, requiring careful
redefinition of coherence. Third, we did not evaluate q-RAG in multilingual settings. This
omission is methodologically motivated: our ablation studies (Section 5.3.2) demonstrated
that LLM-generated paraphrases underperform retrieved questions due to limited lexical di-
versity. Since our multilingual clusters were generated through translation rather than re-
trieved from a multilingual database, testing q-RAG with these clusters would contradict our
own findings. Proper multilingual ¢-RAG would require either large-scale question databases
for each language or cross-lingual retrieval models, resources that do not currently exist.

Regarding the robustness of the coherence metrics, we note that the ablation study in Ta-
ble 5.21 demonstrates that improvements are not artifacts of specific component choices, and
the consistency of results across two datasets, multiple model architectures (Section 5.6.7), and
eleven out-of-domain BEIR benchmarks provides evidence of genuine ranking improvements.

Similarly, while Chapter 3 includes a detailed qualitative error analysis of retrieval fail-
ures, the present chapter relies on ablation studies and failure case analysis (Table 5.7) as
diagnostic tools rather than a structured error taxonomy. A more systematic error analysis
across coherence methods would further strengthen the empirical claims.

5.8 Conclusion

This chapter investigated coherence, the consistency of system outputs for semantically equiv-
alent inputs, across question answering pipelines, demonstrating that explicit coherence opti-
mization yields substantial improvements.

5.8.1 Summary of Findings

LLM Coherence (RQ1-RQ4). State-of-the-art LLMs exhibit significant coherence gaps,
where models answer some phrasings correctly but fail on semantically equivalent alternatives.
Question-Augmented Generation (q-RAG) addresses this by supplementing prompts with
retrieved similar questions, improving accuracy by up to 9 percentage points and coherence
up to 28 points. The improvement is directly related to a better question understanding rather
than external knowledge injection, as confirmed by ablations showing that retrieved questions
outperform both LLM-generated paraphrases and traditional document-based RAG.

Multilingual Analysis (RQ5). Coherence correlates with accuracy (p = 0.39) and model
size (p = 0.42) across six languages and eleven models (3.8B-235B parameters). However,
cross-lingual patterns vary substantially by model family: some achieve uniform coherence
across languages as they scale, while others maintain significant gaps even at the largest sizes.
These findings indicate that multilingual deployments require explicit per-language coherence
evaluation.

Coherence-Aware LLM Training (RQ6). Original experiments conducted for this the-
sis demonstrate that g-RAG’s inference-time benefits can be distilled into model parameters
through Direct Preference Optimization (DPO) and Supervised Fine-Tuning (SFT). Train-
ing on QRC clusters and evaluating on PopQA-TP, both Phi-3-mini and Mistral-7B show
improvements in accuracy (+3.93 and +1.72 EM points respectively) and coherence (+23.96
and +5.5 points), with training-time approaches surpassing q-RAG’s inference-time coherence
improvements. The improvements generalize across datasets, suggesting that coherence is a
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learnable property that can be optimized during training without requiring retrieval augmen-
tation at inference time.

Retrieval Coherence (RQ7-RQ10). Dense retrieval models exhibit substantial query
sensitivity (0.46-0.54 RBO@5 baseline). The Coherence Ranking Loss, combining Multiple
Negative Ranking loss with Query Embedding Alignment and Similarity Margin Consistency,
improves coherence by up to 30% RBO while simultaneously improving relevance by up to
1.7% NDCG. Importantly, these improvements are not confined to the training domain. Mod-
els trained with CR Loss on MS-MARCO show consistent gains on out-of-domain benchmarks,
including the diverse BEIR collection and the TREC-DL 2019/2020 test sets, confirming that
coherence training produces genuinely more robust representations rather than overfitting to
dataset-specific patterns. The benefits also propagate downstream: in retrieve-and-rerank
pipelines, coherent first-stage retrieval increases the probability that the reranker sees the
best document across all query phrasings, with +7 to 4+12 percentage points in reranking
opportunity depending on the dataset. In RAG pipelines, more consistent retrieval translates
to more consistent generation, though the accuracy improvement is modest (+0.4%).

5.8.2 Implications and Future Directions

The findings suggest that coherence evaluation should complement traditional accuracy met-
rics, particularly for applications where users naturally reformulate queries. Training on
equivalence classes rather than individual examples, as demonstrated by CR Loss, may pro-
duce more robust models across NLP tasks beyond QA.

Promising future directions include scaling coherence-aware LLM training to larger models
and more diverse datasets. Our preliminary DPO and SFT experiments on Phi-3-mini and
Mistral-7B demonstrate feasibility, but extending to 70B+ parameter models and incorpo-
rating coherence objectives into pre-training or RLHF pipelines remains unexplored; cross-
lingual g-RAG contingent on developing multilingual question retrieval resources; and unified
pipelines combining coherence-optimized retrieval with question-augmented generation.

5.8.3 Closing Remarks

The question clustering framework developed throughout this thesis, from identifying equiva-
lent questions (Chapter 3), through implicit cluster learning (Chapter 4), to explicit coherence
optimization (this chapter), provides a principled approach to building more robust QA sys-
tems. The findings demonstrate that coherence can be substantially improved through explicit
optimization, whether at inference time (q-RAG) or during training (CR Loss for retrieval,
DPO/SFT for generation).

Beyond coherence, the ability to identify and retrieve semantically equivalent questions
has broader applications. The same question retrieval infrastructure that enables ¢-RAG,
mapping an input question to equivalent alternatives, can serve other purposes where se-
mantic equivalence matters. The following chapter explores one such application: using
question equivalence to declassify proprietary QA datasets by replacing sensitive questions
with semantically equivalent public alternatives, enabling dataset sharing and model training
without exposing confidential information.
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Chapter 6

Dataset Equivalence and
Declassification

The previous chapters developed a comprehensive framework for question understanding, fol-
lowing a natural arc of abstraction. Chapter 3 introduced large-scale question retrieval with
QUADROo, operationalizing question-question equivalence: given two questions, do they seek
the same information? Chapter 4 refined the equivalence signal through specialized pre-
training, providing direct technical foundations for this chapter’s methodology. Chapter 5
lifted the concept to cluster-level equivalence: groups of questions that share answers and
exhibit coherent behavior, demonstrating that equivalence relationships have measurable ef-
fects on downstream system behavior. While the clustering techniques themselves are not
directly employed here, the conceptual progression is essential: understanding that questions
form equivalence classes with consistent properties enables thinking about dataset-level equiv-
alence, not just question-level matching.

This final chapter takes the last step to dataset-level equivalence. Two datasets are equiv-
alent if models trained on one perform comparably to models trained on the other. This is a
functional definition where equivalence is measured by utility preservation rather than content
similarity. The concept has immediate practical implications: if we can construct a public
dataset equivalent to a proprietary one, we enable data sharing without exposure. The de-
classification framework operationalizes this concept: given a proprietary dataset, construct
a public equivalent that preserves training effectiveness while containing entirely different
content.

Building effective Question Answering systems requires training data that reflects real
user needs. The most valuable datasets are those derived from customer support logs, enter-
prise knowledge bases, and production search systems, as they capture authentic information-
seeking behavior that synthetic benchmarks cannot replicate. However, these datasets are
almost always proprietary, creating a persistent gap between industrial practice and open
research.

This gap arises well before public release becomes a concern. Within large organizations,
access to sensitive customer data is itself highly constrained by rigid governance policies: ac-
cess approvals across departments, restricted execution environments, audit requirements, and
strict controls on data movement. Researchers may be required to work inside sealed environ-
ments where data can be consumed but not exported, debugged interactively, or combined
with external tools. These constraints make experimentation slow, fragile, and expensive,
substantially impeding research velocity and model iteration, even for teams within the same
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organization. And even when these internal barriers are overcome, a more fundamental lim-
itation remains: the resulting research cannot be reproduced or validated by the broader
scientific community, undermining a core principle of the scientific method.

Existing data-release strategies fail to resolve this issue. Data anonymization focuses
on removing personally identifiable information (PII) such as names, addresses, or account
numbers, but privacy risk is not limited to explicit identifiers. Seemingly innocuous content
can uniquely identify individuals or organizations through contextual cues: combinations of
locations, services, or domain-specific references may be sufficient for re-identification, even
when no traditional PII is present. At scale, this leads to an unsatisfactory trade-off: either
anonymization is too weak to guarantee privacy, or it becomes so aggressive that virtually
any token is treated as sensitive, rendering the data unusable. Synthetic data generation
offers a different path, but typically fails to preserve the fine-grained linguistic, semantic, and
distributional properties that make real QA datasets valuable for training and evaluation.
Paraphrasing retains semantics at the sentence level but often requires sending proprietary
content to external APIs, which may itself violate contractual or regulatory constraints.

We propose dataset declassification, a fundamentally different approach grounded in a
simple but powerful principle: content that is already public cannot be subject to privacy or
confidentiality restrictions. Rather than modifying or anonymizing proprietary data, declas-
sification replaces it entirely with public content that is semantically equivalent for question
answering. Concretely, given a proprietary question-answer pair (g,a), we seek a public
question-answer pair (¢',a’) such that ¢’ induces the same learning and evaluation behavior
as q for downstream QA models. This guarantees complete privacy safety by construction,
while preserving training and evaluation utility. The term “declassification” draws an analogy
to government document declassification, where sensitive information is replaced or redacted
to enable public release while preserving the document’s essential function.

This concept addresses two complementary scenarios that together capture the main pri-
vacy challenges in working with proprietary QA data. Scenario A concerns organizations
that want to share valuable datasets but cannot expose original content. Scenario B concerns
organizations that want to use sensitive data for training but face regulatory or contractual
barriers. In both cases, declassification provides a path forward by decoupling the data’s
utility from its content.

Scenario A: Dataset and Model Release. Organizations developing QA systems face
multiple interrelated challenges when attempting to share their work:

o Evaluation integrity and contamination. Organizations that release proprietary
evaluation sets face dual risks: exposing sensitive content and invalidating the bench-
mark as LLMs trained on web crawls may memorize released questions. Declassified
“shadow benchmarks” address both concerns since the public version protects original
content while the private original remains valid for authoritative evaluation, avoiding
contamination and memorization risks.

¢ Model memorization and extraction. Models trained on sensitive data can memo-
rize and regurgitate training examples. Even without releasing training data, releasing
a trained model exposes the organization to extraction attacks that may recover pri-
vate content. Training on declassified data eliminates this risk: if the model memorizes
examples, it memorizes public content.
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e Regulatory compliance and auditing. Emerging Al regulations, such as EU Al Act,
GDPR transparency requirements, may require organizations to demonstrate properties
of their training data without disclosing the data itself. Declassified datasets serve as
auditable proxies: regulators can inspect the declassified version to verify distributional
properties, topic coverage, and potential biases without accessing customer data.

e Academic collaboration and reproducibility. Organizations wishing to publish
research or collaborate with universities face different issues between scientific norms,
such as data sharing and reproducibility, and business constraints, as IP protection
and contractual obligations. Declassification enables releasing “shadow datasets” that
support reproduction of experimental results.

« Right to deletion compliance. Under GDPR and similar regulations, users can
request deletion of their data. If a model was trained on that data, strict compliance may
require retraining the model, which is expensive. Training on declassified equivalents
from the start sidesteps this issue entirely, as no user data enters in the training pipeline.

Scenario B: Privacy-Preserving Training. An organization has access to valuable
domain-specific data that cannot be used directly for training;:

o Customer support data. A company’s support ticket history contains thousands of
real user questions with verified solutions: ideal training data for a customer-facing QA
system. However, these tickets contain customer names, account details, and proprietary
product information. Training directly on this data risks both privacy violations and
competitive exposure if the model is later compromised.

o Internal knowledge bases. Enterprise wikis, Slack conversations, and internal docu-
mentation capture institutional knowledge in question-answer form. Organizations want
to build QA systems over this knowledge without exposing internal communications to
cloud providers or risking leakage through deployed models.

e Medical and legal domains. Healthcare providers hold patient questions alongside
clinician responses, and law firms maintain client queries paired with attorney answers.
These are highly valuable resources for training domain-specific question answering sys-
tems, but using them directly would violate HIPAA, attorney client privilege, and com-
parable protections.

¢ Multi-tenant SaaS platforms. A SaaS provider wants to improve their product’s
QA capabilities using patterns learned from customer interactions. However, training
directly on Customer A’s data and deploying that model for Customer B would violate
data isolation agreements as the model itself becomes a vector for cross-tenant data
leakage. Training on declassified equivalents avoids this problem: the model learns from
public proxies that reflect the same question and answer patterns without including any
real customer data.

All these cases share a common solution: mapping proprietary questions and answers to
public equivalents, then training or evaluating on the declassified data. The resulting models
handle the original domain effectively without ever being exposed to sensitive content.
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Our declassification framework operationalizes this concept through two complementary
components. First, question retrieval and ranking identifies public counterparts for propri-
etary questions, adapting systems originally designed to locate equivalent questions for an-
swering (Chapters 3-4) to the task of privacy-preserving dataset transformation. Second,
answer reconstruction generates corresponding answers from domain-appropriate corpora, us-
ing dense retrieval and LLM-based annotation to preserve label distributions. Together, these
mechanisms create declassified datasets that maintain utility for training and evaluation with-
out exposing original content.

This chapter makes the following contributions:

1. Declassification Framework: a complete pipeline combining question declassification
via QUADRo retrieval with answer declassification from domain-appropriate corpora,
preserving both semantic equivalence and label distributions

2. Training Set Declassification: empirical validation demonstrating that models trained
on declassified data achieve performance within A & 0 of models trained on original data
for WikiQA and TrecQA

3. Test Set Declassification: extension to evaluation data, enabling organizations to
release “shadow benchmarks” that preserve evaluation validity while protecting original
content from contamination

4. Analysis of Success Conditions: identification of critical factors, establishing that
domain-matched answer reconstruction is essential and that declassification effectiveness
depends on the coverage overlap between proprietary questions and public retrieval
corpora

The work presented in this chapter has been submitted for publication and is currently under
review.

The remainder of this chapter is organized as follows. Section 6.1 formalizes the declas-
sification problem and defines utility preservation. Section 6.2 describes the declassification
framework, including question retrieval and answer reconstruction. Section 6.3 presents the
experimental setup. Section 6.4 reports results across evaluation, training, and benchmark de-
classification settings. Section 6.5 analyzes mapping quality, success conditions, and boundary
cases. Section 6.6 discusses implications and limitations. Section 6.7 concludes the chapter.

6.1 Problem Formulation

Having motivated declassification through practical scenarios, we now formalize the problem
and establish the properties that a successful declassification must satisfy.
A QA dataset is modeled as a collection of triplets

D = {(gi,ci,ai) }ieq,

where ¢; is a question, ¢; is its associated context, and a; is an answer. The interpretation is
task-dependent:

o Answer selection (AS2): ¢; contains candidate answer sentences, a; indicates which
candidates are correct (i.e., ¢; = (A, A;) with correctness labels)

¢ Generative QA: ¢; may be empty, a; is the reference answer used for evaluation
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6.1.1 Dataset Declassification

Given a private dataset D, the goal of declassification is to construct a new dataset D’ that (i)
contains no private or sensitive content, and (ii) preserves the utility of the original dataset
for both training and evaluation. Formally, declassification is defined as a mapping

d:D 7D,

where D’ consists exclusively of public content and is safe to release.
We focus on pointwise declassification, decomposing the dataset-level mapping ® into a
function that operates on individual examples:

¢(q,c,a) = (¢, c,d),

which maps a private example to a declassified one. The dataset-level mapping is then ®(D) =
{#(qi, ciya;) Y. In our setting, ¢ is further decomposed into independent mappings for each
component:

¢(q7 ¢, a) = ((Z)Q(Q)v ¢C(C)7 ¢A(a))7

where ¢ maps questions via retrieval, and ¢c, ¢4 reconstruct context and answers from
domain-appropriate corpora.

6.1.2 Utility Preservation

Utility preservation is defined with respect to a downstream model m and a performance
metric pp,(+). We distinguish two complementary notions.

Evaluation utility measures whether a model’s performance changes when evaluated on
declassified data. Let T be an original test set and 7" = ®(T) its declassified counterpart.
We define the evaluation utility loss as

Atest = pm(T) - pm(T/),

and say that declassification preserves evaluation utility if |A¢es| & 0.

Training utility measures whether training on declassified data produces equivalent mod-
els. Let m be a model trained on original data T, and m’ a model trained on its declassified
version 7] = ®(T;), both evaluated on the same test set 7. We define the training utility loss
as

Atrain = pm(T) - pm’(T)a

and say that declassification preserves training utility if |A¢ain| = 0.
These definitions formalize the requirement that declassified datasets behave equivalently
to their private counterparts for both evaluation and training.

6.1.3 Sufficient Conditions for Equivalence

The declassification function ¢ takes different forms depending on the task, but the core
conditions for equivalence remain consistent. We identify three sufficient conditions for de-
classification to preserve utility (i.e., |Agrain| &= 0 and [A¢est| = 0):

1. Question Similarity: each mapped question ¢} is semantically similar to ¢;, seeking
the same or closely related information
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2. Answer Correctness: the reconstructed answers correctly answer the mapped ques-
tions (for AS2: positive candidates are correct, negative candidates are incorrect; for
generative QA: reference answers are correct)

3. Domain Consistency: the reconstructed answers come from the same domain as the
originals

Note that Condition 1 alone is insufficient: since mapped questions are similar but not
identical, the original answers may not correctly answer ¢;. This motivates Condition 2 and
our answer declassification approach.

Our declassification pipeline enforces these conditions as follows:

e Condition 1 is enforced by QUADRo retrieval with cross-encoder reranking, which
finds semantically similar questions from public corpora.

¢ Condition 2 is enforced by LLM-based annotation that verifies correctness for the
mapped question.

e Condition 3 is enforced by reconstructing answers from domain-appropriate corpora
(Wikipedia for encyclopedic questions, CCNews for news-based questions).

We return to these conditions in Section 6.6, where ablation experiments reveal what
happens when each condition is violated.

6.2 The Declassification Framework

Having established the conditions for dataset equivalence, we now describe how our framework
enforces them in practice. The declassification pipeline consists of two main stages: question
mapping and answer reconstruction. Figure 6.1 illustrates the complete process.

6.2.1 Question Declassification

The first stage maps each proprietary question to a semantically similar public question. We
use retrieval rather than generation for two reasons: retrieval guarantees that the output
exists in a known public corpus, ensuring no proprietary content leaks through generated
text, and retrieval provides a similarity score that quantifies mapping confidence.

Given a proprietary question g, we search the QUADRo database containing 38 million
question-answer pairs as described in Chapters 3—4:

1. Dense Retrieval: Encode ¢ using the QUADRo bi-encoder, which was specifically
trained for query-to-question matching, and retrieve the top-k candidates (we use k =
100) based on cosine similarity

2. Optional Reranking: Apply the QRP-enhanced cross-encoder from Chapter 4 to
rerank the top candidates, improving precision at the first position

3. Selection: Select the highest-ranked question ¢’ as the mapped surrogate

Not all questions map equally well. Questions about common topics (“ What causes the
northern lights?”) typically find near-exact matches in QUADRo, while highly specific or
unusual questions may only find partial matches. As we show in Section 6.4, the framework
is robust to this variation.
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Private Dataset
D= {(qlv A;r! A:)}

qi

Question Declassification Answer Declassification

QUADROo Index D Retrieval Public Corpus Passage Retrieval
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(optional) Segmentation similarity to a
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Figure 6.1: The declassification pipeline. Given a proprietary example (¢, A", A7), question declassi-
fication finds a similar public question ¢’ via QUADRo retrieval and reranking. Answer declassification
then reconstructs answers from a domain-appropriate corpus: for each original answer a with label
Yy, we retrieve passages, segment into sentences, rank by similarity to a, and use an LLM to find a
replacement o/ with matching label (with early stopping for efficiency).

6.2.2 Answer Declassification

The mapped question ¢’ requires associated answers. Since ¢’ is similar but not identical to
the original question ¢, the original answers may not be correct for ¢. Answer declassifi-
cation reconstructs answers from domain-appropriate public corpora while preserving label
distributions.

The pipeline consists of three steps:

1. Passage Retrieval: For each mapped question ¢/, we retrieve the top 500 passages
from the domain corpus using Pyserini (Lin et al., 2021) with BGE-base-v1.5 (Xiao
et al., 2023a) as the encoder. The corpus choice depends on the dataset: Wikipedia
for WikiQA and generative QA benchmarks, CCNews for TrecQA. In general, corpus
selection should match the original answer domain (e.g., PubMed for medical QA, case
law databases for legal QA).

2. Sentence Segmentation: We split retrieved passages into individual sentences using
NLTK’s (Bird and Loper, 2004) sentence tokenizer, then deduplicate to obtain approx-
imately 2000 candidate sentences.

3. Answer Replacement: For each original answer a with label y (positive or negative),
we find a replacement a’:

(a) Rank candidates by semantic similarity to a using MPNet embeddings'

! sentence-transformers/paraphrase-mpnet-base-v2
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Algorithm 1 Answer Declassification procedure with label-preserving replacement and early

stopping.
Input: Public corpus C, mapped question ¢’, original answers {(a;, y;)}
Output: Declassified answers {(a},y})}

1: Retrieve top 500 passages from C for ¢’ using a dense passage retriever.

2: Segment passages into a sentence pool & = {s1, 82, ... }.
3: for each original answer (a;,y;) do
4: Rank sentences s; € S by semantic similarity to a;.

5 Let Sk be the top K = 200 ranked sentences.

6: found < FALSE

7 for s; € Sk in ranked order do

8: Use LLM to classify s; as correct or incorrect for ¢/, yielding ;.
9 if :&z =Y then

10: aj < si, Y; < yj, found < TRUE
11: break
12: end if

13: end for
14: if not found then

15: a;- — 81, y;- — i > Fallback to most similar
16: end if
17: end for

(b) Starting from the most similar, use an LLM (Qwen3-80B (Yang et al., 2025)) to
classify whether the candidate correctly answers ¢’

(c) If the LLM label matches y, select this candidate as a’ and stop
(d) If no match within the top 200 candidates, fall back to the most similar candidate

The early stopping mechanism makes annotation efficient, while the fallback ensures com-
plete coverage. In practice, fallback is rare: 2% of answers for WikiQA and 4% for TrecQA.
For generative QA datasets such as OpenBookQA and SimpleQA, we apply the same pipeline
but reconstruct only the reference answer, equivalent to a single positive candidate with no
negatives. Algorithm 1 summarizes the answer declassification process.

6.3 Experimental Setup

Having described the declassification framework, we evaluate dataset declassification in a
fully controlled setting using only public benchmarks. Since proprietary datasets cannot be
shared, we simulate declassification by treating public QA datasets as if they were private and
constructing declassified counterparts. This enables a direct and reproducible measurement
of whether declassified data preserves evaluation behavior (evaluation utility) and learning
signal (training utility).

Our experiments address the research questions summarized in Table 6.1.

6.3.1 Datasets

We evaluate declassification across four datasets spanning different QA paradigms. WikiQA
and TrecQA are AS2 benchmarks where we declassify questions and candidate answers (both
positive and negative). OpenBookQA and SimpleQA are generative QA benchmarks where
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Table 6.1: Research questions for dataset declassification evaluation.

RQ Question Section

RQ1 Does declassification preserve utility for both training 6.4.1, 6.4.2, 6.4.3
and evaluation?

RQ2 Which components are essential for effective declassifica- 6.4.4
tion?

RQ3 What are the boundary conditions and failure modes of 6.5.1, 6.5.2
declassification?

RQ4 Can mapping similarity predict declassification success? 6.5.3, 6.5.2

we declassify questions and reference answers. Together, these datasets cover encyclopedic,
news, scientific reasoning, and factual knowledge domains, allowing us to assess how declassi-
fication effectiveness varies with domain characteristics and question distributions. Table 6.2
summarizes dataset statistics.

Table 6.2: Dataset statistics for declassification experiments.

Dataset Task Train Dev Test
WikiQA AS2 2118 296 237
TrecQA AS2 94 65 68

OpenBookQA Generative QA 4057 500 500
SimpleQA Generative QA — — 4326

WikiQA (Yang et al., 2015) is constructed from real Bing query logs, with candidate an-
swer sentences extracted from Wikipedia and manually annotated. A peculiarity of the
dataset is that many questions have either no correct answers or only correct answers,
creating evaluation challenges. Following standard practice in the literature (Gabburo
et al., 2024a), we use the clean splits, dev__clean and test_ clean, which contain only
questions with at least one correct and at least one incorrect answer, ensuring stable and
comparable evaluation across models. The encyclopedic nature of the answers makes
Wikipedia a natural source for answer reconstruction.

TrecQA (Wang et al., 2007) derives from TREC tracks 8-13 and is one of the classic
benchmarks for answer sentence selection. It consists of factoid questions with can-
didate sentences from newswire corpora. Since the original structure contains noise,
processed “clean” versions are now standard: they include questions with consistent an-
notations and well-defined answers. As for WikiQA, we use the clean splits, dev_ clean
and test_ clean, which retain only unambiguously evaluable examples. Unlike WikiQA,
TrecQA questions often concern specific news events, people in the news, and temporal
facts from the late 1990s and early 2000s that may not be well-covered in Wikipedia’s
encyclopedic content. For this dataset, we use CCNews (Wenzek et al., 2019), a large
corpus of news articles, as the answer declassification source, better matching the do-
main characteristics of the original data.

OpenBookQA (Mihaylov et al., 2018) is a multiple-choice dataset designed to evaluate mod-
els’ ability to combine basic scientific facts with common-sense knowledge through multi-
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step reasoning. It includes 4057 training questions, 500 development questions, and a
test set of 500 questions that serves as the official benchmark. For our experiments,
we use OpenBookQA in an open-ended setting: rather than selecting from four choices,
models must generate answers directly. We declassify both questions via QUADRo and
reference answers from Wikipedia, following the same pipeline used for AS2 positive
answers.

SimpleQA (Wei et al., 2024) is a factuality benchmark created by OpenAl containing 4326
questions with unique, verifiable answers. However, SimpleQA was specifically designed
to be “uncontaminated”: the authors targeted complex and niche facts unlikely to ap-
pear in public data. This directly conflicts with QUADRo, which contains common
questions from public sources. The mismatch is fundamental: SimpleQA asks questions
like “John Barton "Jack” Grimwood, was an English footballer who played as a half-back,
he joined Manchester United in May 1919, and made his debut for the club in the first
Manchester derby, on which date?” while QUADRo contains questions like “what was
the first year of Manchester’s football derby in england?”.

6.3.2 Models

We use different model families for different tasks, reflecting how these benchmarks are typi-
cally evaluated in the literature. Within each category, we include models of varying sizes to
verify that declassification effects are consistent across model capacities.

For AS2, we fine-tune two cross-encoders (Lauriola and Moschitti, 2021a) that jointly
encode question-answer pairs and produce relevance scores. DeBERTa-v3-base (He et al.,
2023) (184M parameters) represents the current state-of-the-art for AS2 (Gabburo et al.,
2024a) and serves as our primary evaluation model. MiniLM-L12 (Wang et al., 2020a) (33M
parameters) is a distilled model that maintains competitive performance while being smaller
and faster, allowing us to verify that declassification effects hold across model capacities.

For generative QA, we evaluate four instruction-tuned LLMs in zero-shot settings, span-
ning different scales: Phi-3-mini (Abdin et al., 2024a) (3.8B), notable for strong performance
relative to its size; Ministral (Jiang et al., 2023b) (8B), representing mid-range open-weight
LLMs; Phi-4 (Abdin et al., 2024b) (14.7B), with improved reasoning capabilities; and Qwen-
3-30B (Yang et al., 2025) (30B), among the largest models we evaluate. To assess answer
correctness, we use Qwen-3-80B (Yang et al., 2025) as judge following the original SimpleQA
evaluation protocol (Wei et al., 2024); the prompt is provided in Appendix D.2.

6.3.3 Declassification Configurations

We compare our declassification method against generative baselines.

As generative baselines, we consider two approaches. Gen-PR paraphrases questions and
answer sentences via Qwen-3-80B, applied sentence-by-sentence. Gen-BT uses backtransla-
tion (EN—DE—EN) via NLLB-200 (Team et al., 2022), also applied sentence-by-sentence.

Mapgr is our full declassification method (Section 6.2), implementing question declassi-
fication ¢g via QUADRo retrieval with cross-encoder reranking and answer declassification
¢4 via retrieval from domain-matched public corpora.

We also evaluate three ablations to isolate the contribution of each component. Mappg
tests the impact of reranking: same as Mapgrgr but using only dense retrieval without cross-
encoder reranking, measuring whether the additional reranking step from Chapter 4 provides
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meaningful improvements. Mapprr 4 tests whether question mapping alone suffices: this
configuration replaces questions via QUADRo but retains original answers, violating Con-
dition 2 (label correctness) since the original answers were annotated with respect to the
original questions, not the mapped ones. Maprr™?® tests whether mixing answer sources
works: this configuration uses QUADRo’s associated answer as positive, but retains addi-
tional original positives and all original negatives, creating possible errors and style mismatch
between QUADRo’s heterogeneous web sources and the original corpus style. This ablation
is AS2-specific since generative QA has only a single reference answer per question.
Table 6.3 summarizes the configurations.

Table 6.3: Declassification configuration naming convention.

Name Description

Original Baseline: unmodified original data

Gen-PR LLM paraphrasing via Qwen3-80B

Gen-BT Backtranslation EN—DE—EN via NLLB-200

Mapgrr Full declassification: QUADRo retrieval + reranking + answer declassification
Ablations

Mappr Without reranking (retrieval only + answer declassification)

Maprp ™4 Without answer declassification (questions only)

Map pp™* Mixed answer sources: QUADRo pos + original neg (AS2 only)

6.3.4 Evaluation Protocol

Our main metric is answer accuracy: for AS2, we use Precision@1 (P@1) to measure whether
the top-ranked candidate is correct. We also report Mean Average Precision (MAP), Mean
Reciprocal Rank (MRR), and NDCG for completeness. For generative QA, we use accuracy
as judged by Qwen-80B following the SimpleQA protocol and prompt; details of the prompts
are available on Appendix C.1.

We evaluate three declassification scenarios that together characterize utility preservation:

1. Evaluation Utility (Section 6.4.1): Models trained on original data, evaluated on
declassified test sets. Tests whether declassified benchmarks preserve evaluation validity.

2. Training Utility (Section 6.4.2): Models trained on declassified training data, eval-
uated on original test sets. Tests whether declassified training data preserves learning
signal.

3. Benchmark Declassification (Section 6.4.3): Models trained and evaluated entirely
on declassified data. Tests whether complete “shadow benchmarks” can replace original
datasets.

6.3.5 Training Configuration

For answer selection experiments, we perform hyperparameter optimization for each run to
ensure fair comparison across configurations. The search space includes:
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 Learning rate: {5 x 1076,7 x 1076,1 x 1075,2 x 107}
» Batch size: {8,16,32,64}

e Warmup: 10% of training steps

o Maximum sequence length: 256 tokens

e Training: up to 15 epochs with early stopping (patience of 3 epochs)

We optimize on PQ1 using the development set. Each configuration undergoes the same
hyperparameter search to ensure differences reflect the declassification strategy rather than
suboptimal tuning. We report results averaged over 3 random seeds, with standard deviation
computed across runs.

For generative QA experiments, we evaluate LLMs in a zero-shot setting without any
fine-tuning. To ensure reproducibility, we use greedy decoding with temperature set to 0 and
sampling disabled.

All experiments were conducted on a machine with 8 NVIDIA L40S GPUs (48GB each).
Training a single AS2 model takes ~30 minutes depending on dataset size and hyperparam-
eters.

6.4 Results

We present results organized by the three evaluation scenarios: evaluation utility (declassify
test only), training utility (declassify train only), and benchmark declassification (declassify
both). Rather than reporting absolute performance, we focus on the performance delta (A)
relative to the baseline. This framing captures the core question: does declassification preserve
utility? A delta near zero means the declassified dataset is functionally equivalent to the
original, regardless of whether absolute performance is 70% or 90%.

6.4.1 Evaluation Utility (Declassify Test Only)

We first test whether declassified test sets preserve evaluation validity. Models are trained on
the original training data and evaluated on (i) the original test set and (ii) the declassified test
set. Table 6.4 reports results across all four datasets. Configuration names are summarized
in Table 6.3.

Key Findings

Mapprr preserves evaluation utility across AS2 and OpenBookQA (RQ1). For AS2,
Mapgrp yields |A| < 2 points across all dataset-model combinations: WikiQA shows A =
—0.8 (DeBERTa) and A = —2.0 (MiniLM), while TrecQA shows A = —0.5 and A = —0.6
respectively. These deltas are substantially smaller than generative baselines, which show
positive shifts of +1 to +5 points on AS2, indicating that paraphrased questions become easier
for trained rankers, likely due to simplified syntax. For OpenBookQA, Mapgrp achieves near-
perfect preservation: two models (Phi-3, Phi-4) show exactly A = 0, while the others show
|A| < 0.4. Crucially, model rankings are preserved: the relative ordering Qwen-3 > Phi-4 >
Phi-3 > Ministral remains constant on both original and declassified questions, demonstrating
that declassified benchmarks maintain discriminative power for comparing models.
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Table 6.4: Evaluation utility on declassified test sets. Models trained on original data. “Private”
shows absolute performance on original test set; other columns show A relative to Private. 4+ denotes
std across runs (AS2 only).

Dataset Model Private Gen-PR Gen-BT Mapgrr
Answer Sentence Selection (AS2)
WikiQA De.B‘ERTa 81.410.8 +5.1408 +4.640.8 —0.84138
MiniLM 70.649.5 +3.649.5 +2.6495 —2.0433
DeBERTa 85.840.8 +1.4491 +0.5411 —0.5411
TrecQA MiniLM 725413 +0.5413 15413  —0.6419
Generative QA
Phi-3 53.5 —0.6 —0.9 0.0
Ministral 49.2 —1.6 —-5.0 —0.4
OpenBookQA )4 4 59.8 —2.4 ~3.0 0.0
Qwen-3 60.8 —0.5 —-0.2 —-0.2
Phi-3 4.0 —0.8 +0.8 +11.6
. Ministral 2.7 —0.4 —0.4 +8.4
SimpleQA Phi-4 8.4 —0.9 +1.1 +12.0
Qwen-3 18.5 -3.3 —4.1 +5.8

SimpleQA reveals boundary conditions where declassification changes task difficulty
(RQ3). Unlike the near-zero deltas on other datasets, SimpleQA shows +5.8 to +12 point
improvements as the models perform substantially better on mapped questions. This is not
an improvement in model capability but a difficulty shift: the mapped questions are sys-
tematically easier than the originals. The backtranslation baseline (Gen-BT) confirms this
diagnosis: it achieves |A] < 4.1 on SimpleQA, comparable to other datasets, because it para-
phrases without changing semantic content. In contrast, Maprr shows |A| > 5 because it
maps to different, easier questions from QUADRo. This reveals a fundamental boundary
condition: when the original dataset specifically targets questions absent from public data (as
SimpleQA does by design), mapping to public questions necessarily changes task difficulty.
We analyze this phenomenon in detail in Section 6.5.2.

6.4.2 Training Utility (Declassify Train Only)

We next measure whether declassified training data provides comparable learning signal. We
train AS2 rankers on declassified training sets and evaluate them on the original (private) test
set. Since generative QA models are evaluated zero-shot, this analysis applies only to AS2.

Key Findings.

Mapgrr preserves training utility universally (RQ1). Mapgrpr achieves |A| < 2 points
across all dataset-model combinations: WikiQA shows A = +0.05 (DeBERTa) and A = —0.3
(MiniLM), while TrecQA shows A = —0.8 and A = —1.2 respectively. These near-zero deltas
demonstrate that models trained on declassified data learn effectively and generalize to the
original test distribution. The consistency across both encyclopedic (WikiQA) and news-
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Table 6.5: Training utility on AS2. Models trained on declassified training sets, evaluated on original
test sets. Values are A relative to models trained on original data.

Dataset Model Private Gen-PR Gen-BT Mapgrr
. DeBERTa 81.4408 —4.149, —89418 +0.0541 1
WIkiQA MiniLM 70.649 5 —3.9407 —5.9401 —0.3432
DeBERTa 85.840.8 —29.116.4 —4.919 —0.8419

TrecQA MiniL,M 725113  —25.00164 @ —2.1i14 1.2034

domain (TrecQA) datasets suggests that our retrieval-based approach preserves the essential
characteristics of the training signal regardless of domain.

Generative baselines fail in complementary ways, revealing domain-specific vulnera-
bilities. Gen-PR loses only 4.1 points on WikiQA but 29.1 points on TrecQA, while Gen-
BT shows the opposite pattern: 8.9 points on WikiQA but only 4.9 on TrecQA. Neither
approach works universally. The asymmetry reveals why: Gen-PR rewrites questions seman-
tically, which works for WikiQA’s generic encyclopedic questions (“how are glaciers formed?”)
but corrupts TrecQA’s specific named entities and temporal references (“ Who won the 1998
World Series?”). Gen-BT preserves entities through round-trip translation but introduces
less semantic variation, making it more robust on entity-rich TrecQA but less effective on
WikiQA where semantic diversity matters. Additionally, Gen-PR shows extreme instability
on TrecQA: the standard deviation for TrecQA/MiniLM is +16.4, which is more than half
of the mean value, indicating that paraphrasing produces highly variable training signals de-
pending on which specific paraphrases are generated. This unpredictability makes generative
approaches unsuitable for reliable dataset release.

6.4.3 Benchmark Declassification (Declassify Train and Test)

Finally, we evaluate full benchmark declassification, where both training and test sets are
declassified, and models are trained and evaluated entirely on declassified data. This setting
corresponds to releasing a fully declassified benchmark intended to replace the original dataset.

Table 6.6: Benchmark declassification on AS2. Models trained and evaluated on declassified data.
Values are A relative to the private benchmark.

Dataset Model Private Gen-PR Gen-BT Maprr
o DeBERTa 81.4408 —1.2408 —3.6409 —0.4418
WIKIQA i 70.6195 —3.5405 —2.8495 15433
DeBERTa 85.8:|:().8 _17-7:t0.8 _4~9:|:0.8 —0.2:|:1.2

TrecQA MiniLM 725413  —264413  —25114  —0.4uigg

Key Findings.

Mapgrgr enables complete shadow benchmarks (RQ1). In the full benchmark setting
where both training and test sets are declassified, Mapgrr yields remarkably small deltas:
WikiQA shows A = —0.4 (DeBERTa) and A = —1.5 (MiniLM), while TrecQA shows A =
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—0.2 and A = —0.4 respectively. These results demonstrate that organizations can release
fully declassified “shadow benchmarks” that preserve both training and evaluation behavior. A
model developed entirely on the declassified version would achieve nearly identical performance
to one developed on the original, making the declassified benchmark a valid substitute for
research and development purposes.

Generative baselines remain inconsistent when applied to both splits. Gen-PR loses
17-26 points on TrecQA when both training and test are paraphrased (training-only: 25-29
points). Interestingly, matching training and test declassification provides no advantage for
Mapprpg: performance on matched declassification (train and test both Maprpr) is comparable
to mismatched settings (original train, Maprp test from Table 6.4). This indicates that
declassification does not introduce systematic biases that could be exploited by training on
similarly-processed data which is an essential property for fair benchmarking, as it ensures
the declassified benchmark cannot be “gamed” by methods that overfit to declassification
artifacts.

6.4.4 Ablation Studies

Having established that Mapgrgr preserves utility, we now isolate the contribution of each
pipeline component to understand which elements are essential (RQ2). Our full method
combines three components: (1) cross-encoder reranking for question mapping, (2) answer
declassification via corpus retrieval, and (3) domain-matched answer sources. We systemati-
cally remove each component to measure its impact.

The ablations test specific hypotheses. Mapg (no reranking) tests whether the computa-
tionally expensive cross-encoder step is necessary, or whether dense retrieval alone suffices.
Maprr = (no answer declassification) tests whether question mapping alone preserves util-
ity, or whether answer reconstruction is essential. Maprr™® (mixed answer sources) tests
whether domain matching matters, by using QUADRo answers as positives while retaining
original corpus negatives.

Table 6.7 presents training utility results. A near-zero delta indicates the removed com-
ponent is not critical for training utility; a large negative delta indicates the component is
essential. Figure 6.2 visualizes the comparison across configurations for DeBERTa.

Table 6.7: Ablation study on AS2 training utility. All values are AP@1 relative to Original baseline.
Bold indicates |A| < 2.

WikiQA TrecQA
Configuration DeBERTa MiniLM DeBERTa MiniLM
(Original: 81.43%) (Original: 70.60%) (Original: 85.78%) (Original: 72.54%)
Maprr +0.054+1.11 —0.3213.22 —0.80+1.89 —1.2313.65
Ablations
Mapr (no reranking) +0.00-9.94 —1.2513.94 —1.2141 5 —1.4541 89
MapRRf‘_q (no answer decl.) —1.69.1 2 —14.5242.55 —24.7443 50 —25.7041.43
Maprr™® (mixed answers) —20.8241.31 —24.3312.87 —5.5441.63 —21.7041.38

Key Findings

Answer Declassification is Essential (RQ2) the Mapgrr~4 ablation (question mapping
without answer reconstruction) reveals a critical finding: question mapping alone is insuffi-
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Figure 6.2: Performance delta (APQ1) relative to baseline for WikiQA and TrecQA (DeBERTa-v3).
The horizontal line at zero represents baseline performance. Only full declassification (Mapgrgr, Mapgr)
consistently achieves near-zero delta across both datasets.

cient. On WikiQA /DeBERTa, Maprr~4 loses only 1.7 points, but on TrecQA/DeBERTa
it loses 24.7 points. This asymmetry violates Condition 2 from Section 6.1.3: the original
answers were annotated for the original questions, not the mapped ones.

For WikiQA’s encyclopedic questions, this mismatch is often tolerable as a sentence ex-
plaining glacier formation remains valid whether the question asks “how are glacier caves
formed?” or “what are glacial caves formed from?”. For TrecQA’s news questions, the mis-
match is catastrophic: an answer about Lou Gehrig’s consecutive games streak may contain
the number 2,130, but if the mapped question subtly shifts focus, the answer’s relevance
degrades. In this scenario, small models are more sensitive: MiniLM shows A = —14.5 on
WikiQA Maprr~# compared to DeBERTa’s —1.7, suggesting that larger models’ additional
capacity provides robustness to distributional shifts.

Reranking Provides Consistent Improvement for Training (RQ2) comparing Maprr
to Mapg, reranking provides small but consistent improvements. On WikiQA, both achieve
near-zero deltas (A = 4+0.05 vs A = 0.00); on TrecQA, Maprpr shows —0.80 vs Mappr’s —1.21.
The cross-encoder reranker refines initial retrieval, but the gain is modest because dense
retrieval already achieves high-quality mappings when answer reconstruction is complete.
However, as we show in Section 6.5.2, reranking becomes essential for test set declassification
where difficulty preservation matters.

Mixed Answer Sources Fail Due to Style Mismatch the Maprg™* ablation exhibits
inverted behavior across datasets: it fails dramatically on WikiQA (A = —21) but partially
succeeds on TrecQA (A = —5.5). This inversion reveals the importance of stylistic consistency.

In Maprp™?®, the positive answer comes from QUADRo (web sources like forums and
FAQs) while negatives remain from the original corpus (Wikipedia for WikiQA, news for
TrecQA). On WikiQA, the stylistic gap is large: QUADROo’s informal, explanatory answers
contrast sharply with Wikipedia’s encyclopedic prose. The model learns to distinguish an-
swers by style rather than correctness, then fails at test time when all candidates come from
Wikipedia. On TrecQA, the gap is smaller because both QUADRo and news answers share fac-
tual, entity-focused characteristics. This finding motivates our full reconstruction approach:
by sourcing both positive and negative answers from the same domain-matched corpus, we
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ensure training and test distributions align.

6.5 Analysis

The previous section established that Mapgrpr preserves utility across standard benchmarks,
with near-zero deltas on AS2 and OpenBookQA. However, aggregate metrics can obscure
important patterns: what do successful mappings look like? Why does SimpleQA show
difficulty shifts while other datasets do not? Can we predict which examples will declassify
well?

This section addresses these questions through three complementary analyses. First, we
examine mapping quality through concrete examples, revealing both successful declassifica-
tions and systematic failure modes (Section 6.5.1). Second, we analyze SimpleQA in depth to
understand why it represents a boundary condition for our approach (Section 6.5.2). Third,
we investigate whether mapping similarity scores can predict declassification success, enabling
selective release of high-confidence mappings (Section 6.5.3).

6.5.1 Mapping Quality

Before examining quantitative patterns, we assess mapping quality through concrete examples.
This qualitative analysis grounds the abstract notion of “semantic equivalence” in tangible
cases and reveals failure modes that aggregate metrics might obscure.

Question Mapping Across Methods

Table 6.8 compares how each declassification method transforms questions across all four
datasets. The examples reveal systematic differences: Gen-PR rewrites questions semantically,
sometimes corrupting specific details (the book title “A Biography of Margaret Thatcher”
becomes “Margaret Thatcher’s Life Story”). Gen-BT preserves named entities through round-
trip translation but provides minimal lexical variation. Mapgrpr retrieves genuinely different
questions that preserve semantic intent, note how “How are glacier caves formed?” maps to
“What are glacial caves formed from?”, a distinct question with equivalent meaning.

The contrast with SimpleQA is stark. While other datasets show clean mappings, Sim-
pleQA’s deliberately obscure questions have no semantic equivalents in QUADRo. The origi-
nal asks for a Prime Minister with a specific biographical constraint (cabin crew until 1971);
the mapped question loses this constraint entirely. Similarly, a question about a specific
musical work’s dedicatee becomes a generic query about the composer.

Answer Reconstruction

For AS2 datasets, declassification must reconstruct not only questions but also answer can-
didates. This is challenging because the reconstructed answers must satisfy two constraints:
(1) they must be retrievable from a public corpus, and (2) they must preserve the correc-
t/incorrect distinction relative to the mapped question. The LLM annotator judges each
candidate against the mapped question, assigning labels that may differ from the original
when the semantic relationship changes.

Tables 6.9 and 6.10 show complete examples from WikiQA and TrecQA respectively,
illustrating how reconstruction works across different domains.

The WikiQA example demonstrates the ideal case. The original positive explains glacier
cave formation; the reconstructed positive provides a more detailed explanation of the same
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Table 6.8: Question mapping comparison across datasets and methods. Mapgrg retrieves semanti-
cally equivalent questions for standard datasets but loses critical specificity on SimpleQA. Gen-PR
occasionally corrupts details; Gen-BT preserves entities but adds little variation.

Method | Question

WikiQA

Original How are glacier caves formed?

Maprr What are glacial caves formed from?

Gen-PR What is the process behind the creation of ice caverns within glaciers?

Gen-BT How do glacier caverns form?

TrecQA

Original Who is the author of “The Iron Lady: A Biography of Margaret Thatcher”?

Maprr Who wrote the biography “The Iron Lady”?

Gen-PR Can you identify the writer of “The Iron Lady: Margaret Thatcher’s Life Story”?

Gen-BT Who is the author of “The Iron Lady: A Biography of Margaret Thatcher”?

OpenBookQA

Original The main component in dirt is

Maprgr Main component of dirt?

Gen-PR What is the primary element found in soil?

Gen-BT The main component of the soil is

Original A Mola Mola might live where?

Mapgrr What sort of habitat does a Moa live in? [entity confusion]

Gen-PR In what type of environment would a Mola Mola typically reside?

Gen-BT Where could a Mola Mola live?

Simple QA

Original What is the name of the former Prime Minister of Iceland who worked as a cabin
crew member until 19717

Maprr Who was the Prime Minister of Iceland? [constraint stripped]

Gen-PR Which ex-Icelandic Prime Minister was employed as flight attendant through 19717

Gen-BT What is the name of the former Prime Minister of Iceland, who worked as a cabin
crew member until 19717

Original To whom did Gyorgy Ligeti dedicate his piano étude “Désordre”?

Maprr Who was Gyorgy Ligeti? [question changed entirely]

Gen-PR Who was the dedicatee of Gyorgy Ligeti’s piano étude “Désordre”?

Gen-BT To whom did Gyorgy Ligeti dedicate his piano étude “Désordre”?
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Table 6.9: WikiQA answer reconstruction example. The encyclopedic domain allows clean recon-
struction: both positive and negative answers preserve their semantic relationship to the question using
entirely different text from Wikipedia.

Original

Question How are glacier caves formed?

Positive A glacier cave is a cave formed within the ice of a glacier.

Negative Glacier caves are often called ice caves, but this term is properly used to describe

bedrock caves that contain year-round ice.

Declassified (Mapgpr)

Question What are glacial caves formed from?

Positive Glacier caves are formed by melting ice and flowing water within and under glaciers.
The cavities are influenced by the very slow flow of the ice, which tends to collapse
the caves again.

Negative Glacier caves are frequently referred to as ice caves, though technically, the term
“ice cave” applies to bedrock caves that maintain ice throughout the year.

phenomenon. The original negative clarifies terminology (ice caves vs glacier caves); the
reconstructed negative preserves this distinction using different phrasing. Both answers are
factually accurate and maintain the same semantic relationship to the question.

Table 6.10: TrecQA answer reconstruction example. The news domain requires finding passages with
specific facts; the reconstructed negative shows acceptable drift from player statistics to umpire career.

Original
Question How many consecutive baseball games did Lou Gehrig play?
Positive Fifty years ago today: Lou Gehrig of the New York Yankees did not play against

the Detroit Tigers at Briggs Stadium, thus ending his streak of 2,130 consecutive
games played.
Negative In the World Series that year, he started three games for the Red Sox.

Declassified (Mapgr)

Question How many consecutive baseball games has Lou Gehrig played?

Positive There were no page-topping headlines in newspapers around the world announcing
that on May 2, 1939, Lou Gehrig of the New York Yankees did not play against
the Detroit Tigers at Briggs Stadium, ending his streak of 2,130 consecutive games
played.

Negative He umpired in four World Series, seven American League Championship Series
and four All-Star Games.

The TrecQA example illustrates news-domain challenges. The positive answer must con-
tain the specific fact (2,130 consecutive games), which our CCNews retrieval successfully finds
in a different article about the same event. The negative answer shows acceptable semantic
drift: the original discussed a Red Sox pitcher’s World Series appearances, while the recon-
structed negative discusses an umpire’s career statistics. Both are correctly labeled as not
answering the Lou Gehrig question, what matters is that the positive/negative distinction is
preserved, not that the negative answers are semantically similar.

When reconstruction cannot find a candidate matching the original label, the pipeline falls
back to the most similar candidate with the LLM’s assigned label. This can result in label
changes: for example, an original positive answer about Australian tablespoon measurements
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(20 mL) might be replaced by a South African variant with incorrect information (15 mL),
which the LLM correctly labels as negative. These fallback cases are rare but can shift label
distributions, particularly for specific questions where appropriate answers are rare in the
corpus.

Quantitative Assessment

To quantify mapping quality systematically, we measure semantic similarity between orig-
inal and mapped questions (Q sim.) and between original and reconstructed answer sentences
(S sim.) using MPNet-base?. We also conduct manual assessment of question equivalence on
200 question pairs (50 per dataset), where annotators judged whether two questions share the
same information-seeking intent.

Table 6.11: Semantic similarity and manual equivalence assessment across datasets and methods.
Mapgrg achieves high equivalence (90-94%) on standard datasets but only 16% on SimpleQA.

Dataset Method Q sim. (%) S sim. (%) Q equiv. (%)
Gen-PR 76.5 63.3 90.0
WikiQA Gen-BT 84.7 74.2 92.0
Maprr 84.6 72.3 94.0
Gen-PR 75.8 60.3 86.0
TrecQA Gen-BT 80.4 62.5 88.0
Maprr 79.5 64.6 90.0
Gen-PR 78.5 62.1 90.0
OpenBookQA Gen-BT 91.0 75.4 94.0
Maprr 91.2 67.6 94.0
Gen-PR 84.4 77.3 92.0
SimpleQA Gen-BT 88.4 80.0 94.0
MapRR 51.1 557 16.0

The results in Table 6.11 confirm the qualitative observations. Across WikiQA, TrecQA,
and OpenBookQA, Mapgg achieves equivalence rates of 90-94%, matching or exceeding the
generative baselines. This supports the hypothesis that retrieval-based declassification can
find genuinely equivalent questions when they exist in the public corpus. The contrast with
SimpleQA is dramatic: only 16% of mapped questions are judged equivalent, explaining the
large difficulty shifts observed in Section 6.4.1.

Interestingly, generative methods maintain high equivalence on SimpleQA (92-94%) pre-
cisely because they paraphrase rather than replace. This confirms that SimpleQA’s difficulty
shift under Mapgrpr stems from mapping to different questions, not from any deficiency in the
retrieval mechanism itself.

6.5.2 SimpleQA: Difficulty Preservation Analysis

SimpleQA provides a stress test for declassification: it targets obscure, entity-centric facts
designed to probe LLM knowledge boundaries. Unlike OpenBookQA’s near-zero deltas, Sim-
pleQA shows +5.8 to +12 point improvements (Table 6.4), indicating that mapped questions
are systematically easier.

2 sentence-transformers/paraphrase-mpnet-base-v2
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Root Cause: Distributional Mismatch

SimpleQA was deliberately constructed to be “uncontaminated”: the authors targeted
complex, niche facts unlikely to appear in LLM training data. Questions are designed with
multiple nested constraints that uniquely identify obscure facts, for example, asking not just
about a Prime Minister, but about one with a specific biographical detail; not just about
an award, but about a specific recipient in a specific year. This design philosophy directly
conflicts with the assumptions underlying retrieval-based declassification.

QUADRo, conversely, contains real questions from public sources, questions that users
actually ask in practice. Because these questions are publicly available, they naturally reflect
common information needs: popular entities, frequently-discussed topics, and widely-known
facts. When someone wants to know about Iceland’s Prime Minister, they ask “ Who was the
Prime Minister of Iceland?”, not “ What is the name of the former Prime Minister of Iceland
who worked as a cabin crew member until 19717”. The specificity that makes SimpleQA
challenging for LLMs is precisely what makes it unmappable to public question databases.

This distributional mismatch manifests in systematic failure modes, illustrated in Ta-
ble 6.12:

Table 6.12: Low-similarity mapping examples from SimpleQA showing systematic failure modes.
Mappings lose critical specificity that makes the original questions challenging.

‘ Question

Constraint stripping: specific constraints removed entirely

Original What is the name of the former Prime Minister of Iceland who worked as a cabin
crew member until 19717

Maprr Who was the Prime Minister of Iceland?

Original How many corners did Barcelona take in the Champions League semi-final match
between Barcelona and Milan on April 27, 20067

Maprr What year was Barcelona eliminated from the Champions League?

Entity substitution: obscure entities replaced with common ones

Original In what year was American chemist Eger Vaughan Murphree awarded the Perkin
Medal?
Maprr What year was Dr. Drew O’Donnell awarded?

Original What year did the Lego part with ID gal56 first release?
Maprr When was the first Lego set released?

Constraint dilution: multiple constraints reduced to generic query

Original What is the name of the university from which Thabo Cecil Makgoba first graduated
with a PhD degree in 20097

Maprr What is the name of the university in South Africa?

Original In the lore of Dungeons and Dragons, what is the name of the fortress in the Astral
Plane used as a lair by the red great wyrm Ashardalon?

Maprr What is the name of the fortress in Dungeons and Dragons?

The examples reveal three failure modes. Constraint stripping removes specific constraints
that uniquely identify answers: the Iceland PM question loses “cabin crew member until
19717; the Barcelona question loses the specific match, date, and statistic (corners). Entity
substitution replaces obscure entities with common ones: Eger Murphree becomes Dr. Drew
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O’Donnell; a specific Lego part ID becomes generic. Constraint dilution reduces multiple
nested constraints to generic queries: the D&D question loses “Astral Plane,” “red great
wyrm,” and “Ashardalon,” leaving only “fortress in Dungeons and Dragons.”

Stratified Analysis: Reranking is Essential

To test whether high-quality mappings can preserve difficulty (RQ2, RQ4), we stratify
results by semantic similarity. We use MPNet? to compute similarity between original and
mapped questions, select the top 1% most similar mappings (n=43 questions), and evaluate
accuracy on both the mapped questions and their corresponding 43 original questions from
SimpleQA. By comparing the same questions before and after mapping, we isolate the effect
of question transformation from the effect of question selection.

Table 6.13 compares Mapgr and Mapgrgr on these top 1% mappings. The contrast is strik-
ing: on the same 43 questions, Mappr shows large positive deltas for all models (ranging from
+9 to +15 points), indicating systematic difficulty reduction. In contrast, Maprr achieves
small deltas for three models (|A| < 2.3), with only Phi-4 showing a larger shift of +7.2.
The deltas of |A| < 2.3 represent a good difficulty preservation, comparable to the |A| < 2
observed on AS2 and OpenBookQA.

Table 6.13: SimpleQA top 1% stratified analysis comparing Mappr vs Mapgrp on the same 43 questions
(top 1% by MPNet similarity). Original accuracy is computed on the corresponding source questions;
deltas measure the shift from original to mapped.

Model Original (%) Mappr A Mapgrr A
Phi-3 16.28 +9.30 —-2.3
Ministral 11.63 +11.01 —-2.3
Phi-4 23.25 +15.58 +7.2
Qwen-3 30.23 +13.01 -2.1

Why does reranking help so much on the same questions? The bi-encoder retrieves candi-
dates based on surface-level semantic overlap, often selecting questions that share vocabulary
without sharing intent. The cross-encoder reranker processes question pairs jointly with an-
swer and promotes candidates with genuine semantic equivalence. For SimpleQA’s highly
specific questions, this refinement is critical.

Table 6.14 shows what these high-quality mappings look like. The first three examples
show near-perfect preservation: Cab Calloway’s scat singing teacher, the Soviet Union’s sec-
ond largest republic, and Hetty King’s half-sister all map to essentially identical questions.
These succeed because they ask about topics that real users also ask about, such as musical
history, geopolitics, and entertainment figures. The last two examples show slight simplifi-
cation but preserve the key constraints: “Kashmir” + “Afghan period” and “biomarkers” +
“osteoarthritis” remain intact. The common pattern is that these questions, while specific,
target domains with genuine public interest rather than artificially constructed obscurity.

Key Findings

Reranking is essential for difficulty preservation (RQ2). For test set declassification
where difficulty preservation matters, reranking is not optional. It is the mechanism that
produces high-quality mappings. On the same 43 questions, Mapg systematically reduces

3 sentence-transformers/paraphrase-mpnet-base-v2
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Table 6.14: High-similarity mappings from SimpleQA (top 1% by MPNet similarity). These preserve
critical constraints because equivalent questions exist in QUADRo.

‘ Question

Original Who taught Cab Calloway how to sing in the scat style?

Maprr Who taught Cab Calloway to sing in the scat style?

Original Which was the second largest republic in the Soviet Union?

Mapgrr What is the second largest republic of the Soviet Union?

Original What was the name of male impersonator Hetty King’s half-sister?

Mapgrr What was the name of the half-sister of music hall artist Hetty King?

Original Name the traditional dance in Kashmir where a male dancer accompanies the
chhakri singers and was introduced during the Afghan period.

Maprr What is traditional dance in Kashmir introduced in Afghan period?

Original What year were the guidelines outlining requirements for the inclusion of soluble
biomarkers in osteoarthritis clinical trials published?

Maprr When were the guidelines for inclusion of soluble biomarkers in osteoarthritis trials
published?

difficulty (A > +9 for all models) while Mapggr preserves it (|A| < 2.3 for three of four
models), matching the fidelity observed on standard benchmarks. This demonstrates that the
cross-encoder’s ability to detect subtle semantic distinctions translates directly into better
difficulty preservation.

Phi-4 remains an outlier with A = 47.2, substantially higher than the other models. This
suggests model-specific sensitivity: even when the mapped question is semantically equiva-
lent, Phi-4’s performance shifts more than other models. Whether this reflects differences in
training data, model architecture, or evaluation dynamics remains an open question, but it
highlights that difficulty preservation may vary across models even for high-quality mappings.

Selective Declassification via Similarity Thresholds

The previous analysis showed that reranking enables difficulty preservation on high-quality
mappings. A natural question follows: can organizations use similarity scores to selectively
release only well-mapped questions? This would trade coverage for fidelity, releasing a smaller
but more reliable declassified benchmark.

To test this, we filter SimpleQA mappings by reranking similarity threshold and measure
accuracy deltas at each level. For each threshold, we select mapped questions with simi-
larity above that value, then compute accuracy on both these mapped questions and their
corresponding original questions. Table 6.15 shows the results.

At the highest threshold (>95.0), all four models achieve A = 0 on the 16 qualifying
questions. At >90.0, three models maintain A = 0 while Phi-4 shows a small shift. As
the threshold decreases, more questions qualify but fidelity degrades: Phi-4 in particular
shows increasing difficulty shift at lower thresholds. This confirms that similarity scores
are predictive of declassification success, and organizations can use them to make informed
coverage-fidelity tradeoffs.

Key Findings.

Similarity scores enable selective declassification (RQ4). For benchmarks where dif-
ficulty preservation is critical, organizations can apply similarity thresholds to release only
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Table 6.15: SimpleQA accuracy deltas (A) filtered by reranking similarity thresholds. For each
threshold, we compare accuracy on mapped questions vs. their corresponding originals. Higher thresh-
olds yield smaller subsets but better fidelity.

Model A by Similarity Threshold

>95.0 >90.0 >85.0 >80.0 >75.0

Phi-3 0.0 0.0 0.0 —2.5 =22
Ministral 0.0 0.0 -28 =25 =22
Phi-4 0.0 +3.7 +83 475 +7.0
Qwen-3 0.0 0.0 0.0 -2.5 -1.8

# Questions 16 27 36 40 46

questions with high-quality mappings. At the 95% threshold, all models achieve perfect fi-
delity (A = 0), though coverage is limited to 16 questions. At 90%, coverage increases to 27
questions while three of four models maintain A = 0. This provides a practical mechanism
for partial benchmark release: rather than releasing an entire declassified benchmark with
variable quality, organizations can release a curated subset where every question has been
verified to map well. The similarity score serves as an automatic quality filter, reducing the
need for manual verification.

The fundamental limitation is distributional mismatch (RQ3). Declassification works
well for standard benchmarks where most questions have equivalents in QUADRo. It fails for
adversarially-constructed benchmarks where deliberately obscure questions have no natural
equivalents. The stratified analysis shows that when high-quality mappings exist, even Sim-
pleQA can achieve A = 0. The challenge is that such mappings are rare: only 16 questions
meet the 95% threshold out of 4,326 total, less than 0.4% of the dataset. This is not a failure
of the retrieval system but a fundamental property of SimpleQQA’s design: it specifically tar-
gets questions that users would not naturally ask, which means by construction they cannot
exist in databases of real user questions. For standard benchmarks like WikiQA and TrecQA,
the vast majority of questions map well because they reflect genuine information needs that
appear across multiple sources.

6.5.3 Dataset Size and Sampling Strategy

The previous section showed that similarity scores enable selective test set release by filtering
low-quality mappings. The same principle applies to training data: rather than using the
entire declassified training set, organizations can prioritize high-similarity examples. This
raises a practical question: when only a fraction of the data maps well, is it better to use all
available mappings (including low-quality ones) or to be selective?

We evaluate two sampling strategies on WikiQA: Random (R) selects a random X% of
training examples, while Similarity (S) selects the top X% by question mapping similarity
score. We focus on WikiQA because its larger training set (2,118 questions) allows meaningful
analysis at small percentages. TrecQA’s 94 training questions would yield only ~9 questions
at 10%. Table 6.16 reports results using Maprg, and Figure 6.3 visualizes the comparison.
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Table 6.16: Effect of dataset size and sampling strategy on WikiQA training utility. R = random
sampling, S = similarity-based sampling. Values are AP@1 relative to original baseline (DeBERTa:
81.43, MiniLM: 70.60).

Percentage of Training Data

Model Strat 10% 30% 50% 70% 90%
R —20.0463 —9.0020 —T.1196 —3.7404 —1.4104
DeBERTa-v3
Vs —18.6116 —4.1i29 —21114 00496 0.041¢
. R —22.8417 —152444 —91409 —7.9429 —2.0499
MiniLM-L12
S —20.7494 —11.14¢9 —9443¢ —4.44335 —1.1448
DeBERTa-v3 MiniLM-L12
85 T T T 75 T T T
S
—
)
A 651 —#— Random || 55| |
Similarity
--- Original
55 | | | | | 45 | | | | |
10 30 50 70 90 10 30 50 70 90
Training Data (%) Training Data (%)

Figure 6.3: Effect of sampling strategy on training utility with Maprg. Random sampling (blue) vs
similarity-based sampling (orange). Dashed line indicates original baseline. DeBERTa (left) reaches
baseline with similarity sampling at 70%; MiniLM (right) shows a persistent gap but similarity sampling
consistently outperforms random at all percentages.

Key Findings.

Similarity-based selection outperforms random sampling (RQ4). Just as similarity
thresholds enable selective test set release, similarity-based sampling improves training utility.
At 30%, the gap is substantial: similarity sampling achieves A = —4.1 on DeBERTa compared
to A = —9.0 for random sampling, a difference of nearly 5 points. Even at 10%, where both
strategies struggle due to insufficient data, similarity sampling shows lower variance (£1.6
vs £6.3), indicating more reliable and stable performance. This confirms that similarity
scores are predictive of mapping quality across both evaluation and training scenarios: high-
similarity mappings not only preserve test difficulty but also provide more effective training
signal.

High-quality mappings compensate for reduced data (RQ4). With similarity sampling,
70% of the data achieves the same performance as 100% for DeBERTa (A = 0.0), and 90%
achieves near-parity for MiniLM (A = —1.1). This has practical implications: organizations
with limited high-quality mappings can still achieve effective declassification by being selective
rather than exhaustive. The effect is stronger for larger models, with DeBERTa showing a 4.9-
point advantage from similarity sampling at 30% compared to 4.1 points for MiniLLM. This is
consistent with our earlier finding that larger models are more robust to distributional shifts.
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Taken together, these results suggest that quality matters more than quantity: a smaller set
of well-mapped examples outperforms a larger set of mixed-quality mappings.

6.6 Discussion

6.6.1 Broader Implications

The experimental results validate the core premise introduced at the beginning of this chapter:
semantic mapping can transform sensitive content into public equivalents while preserving
task-relevant properties. This has concrete implications for the scenarios outlined at the
beginning of the chapter.

For organizations facing the challenges of Scenario A (dataset and model release), declas-
sification provides actionable solutions. The benchmark contamination problem, where public
evaluation sets are memorized by large language models, can be addressed through shadow
benchmarks: organizations release declassified versions publicly while retaining originals for
authoritative evaluation. Our results demonstrate this is practical: AS2 test set declassifi-
cation achieves |A| < 2 points, and OpenBookQA preserves model rankings with |A] < 0.4.
Similarly, model memorization risks are eliminated by construction: if a model trained on de-
classified data memorizes examples, it memorizes public content rather than customer data.
This enables safer model deployment and reduces exposure to extraction attacks.

For organizations in Scenario B (privacy-preserving training), declassification enables pre-
viously impossible workflows. Customer support teams can build QA systems that learn from
real interaction patterns without exposing ticket contents. Healthcare and legal organizations
can develop domain-specific models without violating HIPAA, GDPR, or attorney-client priv-
ilege. Multi-tenant SaaS providers can improve their products using cross-customer patterns
without creating data isolation violations. In each case, the model learns from public proxies
that reflect authentic question-answer distributions.

The regulatory implications are particularly timely. As AI regulations such as the EU
AT Act increasingly require transparency about training data properties, declassified datasets
provide auditable proxies: regulators can inspect declassified versions to verify distributional
properties, topic coverage, and potential biases without accessing the underlying customer
data. This addresses a genuine tension where organizations must demonstrate compliance
without compromising confidentiality.

Finally, declassification enables academic collaboration that proprietary constraints typ-
ically prevent. Organizations can publish research and share datasets with universities by
releasing shadow versions that support reproduction of experimental results. This bridges the
gap between industrial practice and open science without requiring data exposure.

6.6.2 Limitations

Several limitations constrain the framework’s applicability. First, when the pipeline cannot
find a corpus sentence matching the original label, it falls back to the most similar candi-
date with the LLM-assigned label. This can shift label distributions, particularly for specific
questions where appropriate answers are rare in the corpus.

Second, effectiveness depends on overlap between proprietary question distributions and
public retrieval corpora. WikiQA, TrecQA, and OpenBookQA succeed because they contain
common questions well-covered by QUADRo. SimpleQA partially fails because it deliberately
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targets unusual questions. This is not a bug but a fundamental property: declassification
cannot create public equivalents for content that has no public equivalent.

Third, specialized domains require appropriate corpora. Medical QA would need PubMed,
legal QA would need case law databases, and so on. The current pipeline targets sentence-
level answers; other formats such as span extraction or long-form generation would require
format-specific reconstruction strategies.

Finally, all experiments use English. Multilingual declassification would require both
multilingual QUADRo coverage and appropriate corpora in target languages, presenting both
engineering and coverage challenges.

From an ethical perspective, declassification is intended to enable beneficial data sharing
while protecting privacy. However, the same techniques could potentially be misused to
circumvent legitimate data access restrictions. We emphasize that declassification should
complement, not replace, proper data governance practices. Organizations should verify that
declassification satisfies their specific legal and ethical obligations before using it for regulatory
compliance.

Scope of privacy protection and threat model. Declassification is designed for settings
where the underlying knowledge queried by users is already publicly available (e.g., in search
engines, voice assistants, or LLM-based systems), and what is proprietary is the distribution of
user interactions rather than the semantic content itself. In settings where the concepts them-
selves are private, such as internal procedures, proprietary products, or confidential entities
with no public equivalent, declassification cannot apply because no semantically equivalent
public content exists by definition. Organizations should assess whether their data falls into
the former regime before applying the framework.

Within this scope, declassification provides content-level protection by construction: the
released dataset contains only pre-existing public content. However, the framework does not
provide formal differential privacy guarantees (Dwork et al., 2006). Several residual risks
should be considered. First, the semantic mapping may leak structural information about the
proprietary dataset: the distribution of question topics and the relative frequency of domain-
specific queries could be inferred from the declassified version. Second, the mapping itself
reveals which public questions were selected as replacements, potentially narrowing the space
of plausible original questions for highly distinctive queries. Third, mapping private questions
to more common public equivalents may introduce contamination asymmetry: if only weak
semantic matches are available, a previously unseen private question may be mapped to a
formulation that plausibly appears in LLM pretraining data, leading to artificially higher
performance on the declassified version. When strong semantic matches are available, this
asymmetry is negligible, as both versions are equally likely to appear in public corpora.

These risks are inherent to any content-replacement approach and should be evaluated
against organizational threat models. For applications requiring formal guarantees, declas-
sification could be combined with differential privacy mechanisms applied to the mapping
distribution, though this remains future work (Chapter 7).

6.7 Conclusion

This chapter presented dataset declassification, a framework that enables releasing semanti-
cally equivalent versions of proprietary QA datasets without exposing original content. The
approach combines question retrieval through QUADRo, optional reranking through QRP
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pre-trained models, and a novel answer reconstruction pipeline using domain-matched corpus
retrieval with LLM-based annotation.

The experimental results validate the framework’s effectiveness for both training and eval-
uation. On WikiQA, models trained on fully declassified data achieve performance identical
to models trained on original data (A ~ 0). On TrecQA, using CCNews as the news-domain
corpus achieves |A| < 1.2 points. Test set declassification also succeeds: models evaluated on
declassified test sets show |A| < 2 points across all configurations, enabling release of complete
“shadow” benchmarks. For LLM evaluation, OpenBookQA declassification preserves model
rankings with |A| < 0.4 points.

The contrast with generative baselines is instructive: Gen-PR loses 29 points on TrecQA
while Gen-BT loses 9 points on WikiQA, and neither works universally. Retrieval-based
declassification achieves near-zero deltas on both datasets.

The SimpleQA experiments reveal important boundary conditions. Declassification shows
+5.8 to +12 point difficulty shifts on this adversarially-constructed benchmark. However,
the stratified analysis shows that when the reranker identifies high-quality mappings, even
SimpleQA can achieve A = 0. This establishes that cross-encoder reranking, not bi-encoder
retrieval, is the mechanism enabling difficulty-preserving declassification.

At a minimum, declassification provides a concrete and verifiable guarantee: it identifies
portions of an internal dataset for which sufficiently similar public content exists, and enables
their release in full. Independently of downstream utility preservation, this replaces organi-
zational uncertainty with an explicit, auditable notion of public overlap, allowing companies
to safely release data that would otherwise remain inaccessible.

Beyond the technical contributions, declassification addresses the practical challenges out-
lined at the beginning of this chapter. For organizations in Scenario A, it enables shadow
benchmark release without contamination risk and eliminates model memorization concerns
by construction. For organizations in Scenario B, it unlocks privacy-preserving training work-
flows: customer support teams can learn from interaction patterns, healthcare organizations
can build domain-specific models without HIPAA violations, and multi-tenant platforms can
improve their products without cross-customer data leakage. As regulations increasingly de-
mand training data transparency while organizations develop valuable proprietary datasets,
the tension between openness and protection will only intensify. Declassification offers a
principled path through this tension.

6.7.1 Future Directions

This work opens several directions for future research. First, while declassification is effective
for capturing population-level behavior, handling tail and highly specific questions remains an
open problem. Developing specialized declassification strategies for such cases, such as hybrid
retrieval-generation methods or domain-specific public resources, could extend applicability
beyond the head of the distribution.

Second, extending declassification beyond questions and answers to supporting context
represents an important direction. Many QA tasks include passages, conversation history,
or other contextual information that also requires declassification. Developing methods to
preserve contextual equivalence while replacing sensitive content would enable release of richer
grounded QA datasets.

Third, our evaluation is necessarily limited to public benchmarks. An important next step
is large-scale validation on proprietary industrial datasets, measuring declassification quality,
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coverage, and utility under real governance constraints. Such studies would also enable deeper
analysis of distributional alignment between customer data and available public corpora.

Fourth, multilingual declassification presents both opportunities and challenges. Extend-
ing QUADROo coverage to additional languages and identifying appropriate answer corpora for
each language-domain combination would enable declassification for global enterprises with
diverse user populations.

Finally, the interaction between declassification and other privacy-preserving techniques
warrants investigation. While declassification provides privacy by construction (only public
content is used), combining it with formal privacy guarantees, controlled generation, or dis-
tillation could address edge cases where even semantic similarity to private questions poses
risks.
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Chapter 7

Conclusions

In this PhD thesis, we have investigated question semantic equivalence at three levels of
granularity: pairwise equivalence for question retrieval, cluster-level equivalence for coherence
analysis, and dataset-level equivalence for privacy-preserving transformation.

The thesis is organized around a coherent research agenda centered on semantic equiva-
lence: the relation that holds between questions seeking the same information. This seem-
ingly simple relation proves to be surprisingly rich when examined at different scales. We
begin by creating the infrastructure for large-scale question retrieval, then develop specialized
pre-training methods to reduce annotation requirements and improve ranking performances,
extend the analysis to question clusters for coherence optimization in both LLMs and retrieval
systems, and finally demonstrate that semantic equivalence enables privacy-preserving dataset
transformation. This progression from pairs to clusters to datasets reveals that question equiv-
alence is not just a simple binary relation between strings but a multi-scale phenomenon with
different implications at each level.

The research demonstrates that question understanding, when approached systematically
through the lens of equivalence, yields both theoretical insights and practical tools. Theo-
retical insights include the discovery that coherence and accuracy are partially independent
properties (Section 5.2.2), that understanding gaps can be as limiting as knowledge gaps (Sec-
tion 5.2.3), and that semantic structure can be learned implicitly through carefully designed
self-supervised objectives (Section 4.1). Practical tools include datasets (Sections 3.2-3.4),
pre-training methods (Section 4.1), inference-time augmentation techniques (Section 5.2.3),
and privacy-preserving transformation pipelines (Section 6.2) that address real challenges in
building reliable QA systems.

7.1 Overall Contributions

The contributions span infrastructure development, algorithmic innovation, empirical analy-
sis, and practical application. Each addresses a specific research gap while building toward a
unified understanding of question equivalence and its utility for QA systems:

e Question Retrieval Infrastructure (QUADRo and QRC): In Chapter 3, we
present QUADRo, a comprehensive Database-based QA framework operating over 6.3
million question-answer pairs aggregated from diverse high-quality sources including
Natural Questions, GooAQ, and WikiAnswers. We also introduce the Question Rank-
ing Corpus (QRC), containing 15,211 queries with ~ 443K annotated examples, the
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first large-scale resource specifically designed for question retrieval with answer-aware
annotations. Key findings show that including the answer at retrieval time improves
accuracy (+5 PQI1 over answer-agnostic methods). The QAQ input ordering proved
optimal, suggesting that models benefit from first analyzing query-answer compatibility
before verifying question equivalence.

Specialized Pre-Training (QRP): In Chapter 4, we present Question Ranking Pre-
training, a self-supervised method that trains models to detect ranking corruptions
without access to the original query. By removing the query, QRP forces models to
learn question equivalence patterns from the relationships between retrieved QA pairs
candidates. This approach achieves statistically significant improvements (+1.05% P@1,
p = 0.0005) while reducing model variance by over 50%, improving reliability for both
research reproducibility and production deployment. Transfer experiments demonstrate
benefits across datasets (+2.99% P@1 on SemEval in zero-shot transfer), confirming
that the learned representations capture general properties of question equivalence.

LLM Coherence Analysis and q-RAG: In Chapter 5, we present the first broad
analysis of LLM coherence on factual QA, evaluating multiple model families, including
GPT-0SS, LLaMA, and Mistral, across multiple sizes on clusters of equivalent questions.
The analysis reveals significant coherence gaps where models succeed on some phrasings
but fail on semantically equivalent alternatives. Crucially, these failures cannot be
attributed to knowledge gaps: the models demonstrably possess the required information
yet fail to access it consistently.

To address this, we introduce Question-Augmented Generation (q-RAG), which im-
proves accuracy up to 9 percentage points and coherence up to 28 points by supple-
menting prompts with retrieved similar questions. The approach is based on the insight
that redundant semantic signal helps models triangulate user intent. Remarkably, g-
RAG outperforms document-based RAG despite providing no new factual information,
demonstrating that understanding failures rather than knowledge gaps often limit LLM
performance.

Preliminary experiments further demonstrate that q-RAG’s benefits can be distilled
into model parameters through DPO and SFT training, achieving +3.93 EM and +24.0
coherence points on zeroshot cross-dataset evaluation (Section 5.4).

The multilingual extension across six typologically diverse languages reveals both uni-
versal patterns (coherence decreases with question difficulty across all languages) and
language-specific effects in coherence behavior, providing guidance for multilingual QA
deployment.

Coherence Ranking Loss: Also in Chapter 5, we introduce a training objective for
retrieval models that combines Query Embedding Alignment (QEA) and Similarity
Margin Consistency (SMC). Critically, using either component alone decreases coher-
ence; only their combination succeeds. The CR Loss improves coherence by up to
30% (measured by Rank-Biased Overlap) while simultaneously improving relevance by
up to 1.69% NDCG, demonstrating that coherence and accuracy are complementary
rather than competing objectives. Downstream benefits include +9.3% improvement in
reranking opportunity for retrieve-and-rerank pipelines.
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¢ Dataset Declassification Framework: Chapter 6 introduces a framework for privacy-
preserving dataset transformation. The approach replaces proprietary questions with
semantically equivalent public questions retrieved using QUADRo, and reconstructs
answers from domain-matched public corpora such as Wikipedia and CCNews. The
framework is motivated by two practical use cases: enabling organizations to share
high-value datasets without revealing sensitive content, and allowing the use of propri-
etary data for model training when there are existing constraints in terms of privacy or
regulatory requirements.

Models trained on fully declassified data match baseline performance: WikiQA achieves
A =~ 0 and TrecQA |A| < 1.2 points. For test set declassification, OpenBookQA pre-
serves model rankings with |A| < 0.4 points, enabling safe dataset sharing and bench-
mark decontamination. The framework validates that dataset equivalence is achievable
when domain matching between source and replacement content is maintained, while
the SimpleQA experiments identify limitations when proprietary questions fall outside
public corpus coverage.

In addition to the published work, this thesis offers further insights. It presents a uni-
fying perspective on question equivalence across multiple scales: the retrieval infrastructure
(Section 3.3) enables both coherence analysis (Section 5.1) and dataset declassification (Sec-
tion 6.2), while the coherence framework developed for LLMs transfers directly to retrieval
systems (Sections 5.2-5.6). The thesis draws a clear distinction between knowledge failures
and understanding failures (Section 5.2.3), providing evidence that the latter are more com-
mon than typically assumed. It further analyzes the central role of domain alignment in
dataset transformation (Section 6.5), and reflects on different notions of equivalence, func-
tional, training, and difficulty-based, with implications for future research.

Overall, the technical contributions advance the state of the art in question retrieval,
pre-training, coherence optimization, and dataset transformation. But perhaps more impor-
tantly, they collectively demonstrate that semantic equivalence provides a powerful organizing
principle for understanding and improving QA systems.

7.2 A Unified Perspective

Three themes connect the contributions across chapters, revealing deeper principles about
question understanding that extend beyond the specific technical contributions. These themes
emerged gradually through the research process and now provide a conceptual framework for
understanding how the individual contributions relate to each other and to broader questions
in NLP.

7.2.1 From Pairs to Clusters to Datasets

The thesis follows a progression in the granularity of equivalence that reflects the evolution of
the research. Chapter 3 focuses on question pairs, addressing the task of retrieving equivalent
questions given a query to answering it. The retrieval model learns to identify when two
questions express the same information-seeking intent, which makes it possible to transfer
answers from previously seen questions to new ones.

Chapter 4 implicitly learns cluster structure through ranking perturbation detection.
When retrieving candidates for a query, the returned questions form a cluster around the
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same information need, and by learning to recognize this structure without seeing the cluster
center, which is the query, models develop robust representations of equivalence. Chapter 5
makes clusters explicit, using them to define coherence constraints for both LLMs and retrieval
models. A cluster of equivalent questions is more informative than any individual question,
because variation in phrasing helps to disambiguate the underlying intent. Chapter 6 ex-
tends this observation to entire datasets, showing that mapping each proprietary question
to a semantically equivalent public alternative results in dataset-level equivalence. This en-
ables content replacement while preserving the aggregate statistical properties that determine
training utility.
This progression reveals that each level of equivalence enables different applications:

« Pairwise equivalence enables answer reuse: if questions are equivalent, an answer to
one is an answer to both.

¢ Cluster equivalence enables coherence optimization: a system should behave consis-
tently across all members of a cluster.

¢« Dataset equivalence enables privacy-preserving transformation: replacing questions
with equivalents preserves the dataset’s utility for training and evaluation.

Each level builds on the previous one while introducing additional considerations. At
the level of pairwise equivalence, equivalence is symmetric and transitive. At the level of
cluster equivalence, statistical properties become relevant, including the distribution of alter-
native phrasings and the coverage of linguistic variation. At the level of dataset equivalence,
aggregate characteristics come into play, such as label distributions, difficulty profiles, and
domain-specific properties. Recognizing these distinctions is essential for selecting the appro-
priate level of analysis for a given application.

7.2.2 Implicit Learning of Semantic Structure

The QRP approach (Section 4.1) demonstrates that models can learn semantic structure
without explicit supervision. By removing the query during pre-training, we force the model
to reconstruct what query would have produced a given ranking. This implicit learning proves
surprisingly effective, outperforming both baseline models and general pre-training objectives
(MLM, RTS, STS) applied to the same data (Section 4.3).

Why does implicit learning work? We hypothesize several complementary explanations.
First, without access to the query, the model cannot rely on shallow pattern matching between
query and candidates. Instead, it must learn abstract semantic properties shared by highly-
ranked candidates, containing representations of concepts like “calorie questions” or “capital
city questions” that transfer to new queries. Second, the query-free formulation emphasizes
relationships between candidates rather than relationships to a query, which is particularly
aligned with reranking where the model must compare candidates to determine relative qual-
ity. Third, making the pre-training task harder prevents overfitting to surface-level patterns;
the model must develop robust internal representations to solve the more difficult query-free
task, and these representations generalize better.

This implicit learning of cluster structure during pre-training has a natural complement:
explicit provision of cluster structure at inference time, which we explore in the next section
through q-RAG. Both approaches leverage the insight that equivalent questions form coherent

164



7.3. LIMITATIONS

groups with exploitable properties. This suggests a broader principle: semantic structure in
language can be exploited either through learning (when training resources are available) or
through explicit provision (when inference-time augmentation is possible).

7.2.3 Understanding vs. Knowledge

A consistent finding across experiments is that failures in question answering often reflect
understanding gaps rather than knowledge gaps. When an LLM correctly answers “ What s
the capital of France?” but fails on “ Which city serves as France’s capital?”, the required
knowledge is identical. The model possesses the information but cannot reliably access it
across surface variations. The presence of incoherent clusters across all evaluated models
(Section 5.2.2) suggests that understanding gaps are a substantial contributor to QA failures,
perhaps more than previously recognized.

This distinction has important practical implications. Traditional approaches to improving
QA focus on expanding knowledge: larger training corpora, retrieval augmentation with ex-
ternal documents, continued pre-training on domain-specific text. These approaches address
knowledge gaps effectively but leave understanding gaps untouched. A model that cannot
consistently map equivalent surface forms to the same underlying concept will not be helped
by more facts; it needs better question understanding.

The success of g-RAG provides direct evidence for this analysis (Section 5.2.5). Retrieved
support questions contain no new factual information as they are simply alternative phrasings
of the same information need. Yet q-RAG improves accuracy by up to 9 percentage points,
outperforming traditional document-based RAG which does provide new facts. This coun-
terintuitive result confirms that the bottleneck for many questions is not missing knowledge
but unreliable access to existing knowledge through inconsistent question understanding. The
redundant semantic signal from multiple phrasings helps the model triangulate user intent,
increasing the probability of activating the correct parametric knowledge.

The declassification experiments reinforce this theme from a different angle (Section 6.4).
When training on declassified data, the model receives semantically equivalent questions but
with different surface forms and different answers, which are reconstructed from public corpora
rather than the original source. If question understanding were fragile, this perturbation would
degrade performance. Instead, models trained on fully declassified WikiQA match baseline
performance exactly (A = 0), suggesting that what matters for learning is the semantic
content of the training signal, not the specific surface realization. Models learn to understand
questions, not to memorize specific phrasings.

7.3 Limitations

The contributions have several limitations that inform future research directions and should be
considered when applying the methods developed in this thesis. We present these limitations
following the order of contributions.

Question Retrieval Infrastructure (Chapter 3). The QUADRo database and QRC
dataset are English-only and derive from open-domain sources. Extending to other languages
requires multilingual question databases, which are substantially less mature than their En-
glish counterparts. Specialized domains such as medical, legal, and scientific would require
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domain-specific corpora and potentially different modeling approaches, as user question pat-
terns may differ significantly from open-domain factual queries.

Pre-Training (Chapter 4). The QRP method inherits the language and domain limita-
tions of the underlying retrieval infrastructure. Additionally, the self-supervised objective as-
sumes that retrieved candidates form coherent clusters around shared information needs; this
assumption may hold less strongly in domains with highly ambiguous or context-dependent
questions.

LLM Coherence and g-RAG (Chapter 5). The coherence analysis and g-RAG method
target factual questions with well-defined answers. Subjective questions, where different phras-
ings may legitimately warrant different responses, require careful redefinition of equivalence.
Multi-part questions pose additional challenges: a question asking for both a name and a date
cannot be satisfied by an equivalent that asks only for the name. Conversational questions
have been excluded, as they depend on dialogue context. Furthermore, while we can mea-
sure and improve coherence at inference time through q-RAG, we lack methods for directly
optimizing LLM coherence during training beyond our preliminary experiments.

Coherence Ranking Loss (Chapter 5). The CR Loss successfully addresses retrieval co-
herence (Section 5.6.4), but no analogous training objective exists for LLMs. Current LLM
training paradigms optimize primarily for accuracy, leaving coherence as an uncontrolled
byproduct. A model can be consistently wrong (high coherence, low accuracy) or inconsis-
tently right (low coherence, high accuracy), and current methods do not fully address this
independence.

Declassification (Chapter 6). The framework’s effectiveness depends on distributional
coverage: proprietary questions outside public corpus coverage cannot be effectively mapped.
The SimpleQA experiments (Section 6.5) demonstrate this limitation, where questions about
niche entities shift toward more common variants. Domain matching between source and re-
placement corpora is critical; mismatched domains degrade performance regardless of question
mapping quality.

7.4 Future Work

We have identified several possible directions that naturally extend from this work. All future
works rely on the foundations defined in this thesis while addressing limitations identified
above.

¢ Scaling Coherence-Aware LLM Training: Chapter 5 presents preliminary experi-
ments showing that q-RAG’s coherence benefits can be distilled into model parameters
through DPO and SFT, achieving +3.93 EM and +24.0 coherence points (Section 5.4).
Scaling these experiments to larger models and more diverse training data could produce
models with robust coherence across query variations. The full QRC dataset, combined
with systematic cluster-based preference generation, offers a path toward making coher-
ence an explicit training objective alongside accuracy.

o Cross-Lingual Question Retrieval: Extending QUADRo to multilingual settings
would enable cross-lingual QA, querying in one language while retrieving from another.
The question equivalence relation is language-independent as a question about the cap-
ital of France is equivalent whether asked in English, Italian, or Chinese. The challenge
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is building an extension of the QRC dataset in multi- and cross-lingual settings. In
addition, when dealing with questions posed in different languages, it is necessary to
pay attention to language-specific and culturally grounded interpretations of queries,
which may affect how equivalence is perceived across languages.

e Declassification Beyond Question Answering: The declassification framework
demonstrates that semantic mapping can replace sensitive content while preserving
utility. Similar techniques may apply to other NLP tasks where equivalence can be
defined: text classification (mapping sensitive documents to semantically equivalent
public alternatives), summarization (declassifying source documents while preserving
summary-relevant content), or dialogue systems (replacing personal details with equiv-
alent alternatives).

e« Benchmark Declassification at Scale: Chapter 6 demonstrates that declassified test
sets preserve evaluation validity, enabling “shadow benchmarks” where organizations
release mapped versions publicly while retaining originals for authoritative assessment
(Section 6.4). Scaling this approach to community-wide adoption would require stan-
dardization of declassification protocols and coordination across research organizations
to maintain benchmark integrity as LLM training scales.

e Formal Privacy Analysis: The declassification framework provides practical content
protection, as the output contains only pre-existing public content, but does not offer
formal guarantees in the differential privacy sense. Extending the framework with formal
privacy analysis would strengthen applicability to regulated domains such as healthcare
and finance where such guarantees may be required.

e Declassification of Supporting Context: Current declassification operates on question-
answer pairs. Many QA tasks include passages, conversation history, or other contextual
information that also requires declassification. Extending the framework to preserve
contextual equivalence while replacing sensitive content would enable release of richer
grounded QA datasets.

e Industrial Validation: Our evaluation uses public benchmarks as proxies for propri-
etary data. Large-scale validation on actual proprietary industrial datasets, measuring
declassification quality, coverage, and utility under real governance constraints, remains
an important next step for establishing the practical applicability of the framework.

o Adaptive Declassification: Current declassification uses fixed retrieval and recon-
struction pipelines. An adaptive and dynamic system could change and adapt the
retrieval strategies based on query characteristics making it possible to use different cor-
pora for different domains. Other possibilities include adjusting retrieval depth based
on corpus coverage, or different fallback approaches.

7.5 Final Thoughts

This thesis began with a practical problem: finding equivalent questions in large databases to
enable efficient question answering. The QUADRo system solved this issue, but the work also
raised deeper questions on how this question equivalence can be used across the QA pipeline.
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CHAPTER 7. CONCLUSIONS

The progression from retrieval to representation to relationships to replacement reflects a
deepening understanding of what questions are. Questions are not just strings of text, but
objects defined by “what they seek”, that are connected to other questions through shared
information. The technical contributions of each chapter are significant on their own, but
together they constitute a perspective on question understanding that we hope proves useful
to the field.

Working across these chapters has also highlighted more subtle dimensions of equivalence
that are relevant for different applications. One such dimension is functional equivalence,
which concerns whether the same answer can appropriately address both questions, a notion
captured in QUADRo through answer-aware retrieval (Section 3.3). Training equivalence
asks whether a model trained on one question develops the same capabilities as if trained
on the other, which is what declassification requires (Section 6.2). Difficulty equivalence asks
whether both questions pose similar challenges, which is what benchmark preservation de-
mands (Section 6.5). These distinctions emerged from experimental observations rather than
theoretical analysis, highlighting the value of empirical investigation in revealing conceptual
structure. Future research may identify additional dimensions of equivalence relevant to other
applications.

Looking back, the thesis can be summarized in a single insight: semantically equivalent
questions can be identified and grouped, and these groups prove useful at multiple levels of
granularity. At the pair level, equivalence enables answer transfer. At the cluster level,
equivalence enables coherence optimization. At the dataset level, equivalence enables content
transformation. Each scale reveals new properties and enables new applications, but all derive
from the same underlying semantic organization. This insight guided the research throughout
and continues to suggest new directions.

The progression from QUADRo to dataset declassification shows that a careful analysis
of question understanding can lead to both useful insights and practical solutions. Scientific
insights include the discovery that coherence and accuracy are partially independent properties
that require separate optimization, that understanding gaps matter as much as knowledge gaps
in limiting QA performance, and that semantic structure can be learned implicitly through
self-supervised objectives. We hope these insights and the perspective developed here prove
useful to others pursuing question understanding, and inspire new investigations into semantic
equivalence and its applications across NLP.
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Appendix A

A.1 Annotation Anecdotes

In this section we analyzed representative annotation cases to illustrate the task’s inherent
complexity

Case A (True Positive, Easy):

Query: “How old are oldest fossils of organisms?”
Question: “The oldest fossils date to how long ago?”

Answer: “The oldest documented fossil organisms date to roughly 3.8 billion years ago,
shortly after the period of heavy asteroid bombardment in Earth’s history.”

Explanation : The questions have similar phrasing and ask the same thing, making
this an easy positive

Case B (True Positive, Answer-Dependent):

Query: “Where did the term bully pulpit come from?”
Question: “Who or what is meant by the expression Bully Pulpit?”

Answer: “This phrase, used by Theodore Roosevelt, refers to the office of presidency.
A pulpit is a place to preach from and “bully” is an older adjective meaning excel-
lent. Therefore a bully pulpit is a great place to make speeches from . Roosevelt
appreciated the fact that people listened to him when he spoke as the President.”

Explanation: The questions appear to ask different things (origin vs. meaning), but the
comprehensive answer addresses both, making this a correct positive that requires
considering the answer.

Case C (Annotation Error):

Query: “What is the name called of a back end of boat?”
Question: “What is the name for the back and front of a boat?”

Answer: “he front of a vessel be it a ship or boat, is the bow or stem. The back is the
stern.”

Explanation: This was incorrectly labeled negative. While the question asks for more
than the query, the answer is correct for the query (stern), so these should be
considered equivalent from a QA perspective.
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Case D (Annotation Error):

192

Query: “How to replace battery in liftmaster remote control?”
Question: “How to change battery in liftmaster remote keypad?”

Answer: ’Slide the battery cover down. The battery is located at the bottom of your
keypad.’, ’Disconnect the old battery and remove it. Remember to dispose of your
old battery correctly.’, ’Install the new battery. ... ’, 'Put the battery cover back in
place.’

Explanation: This was incorrectly labeled positive. Despite similar phrasing, “remote
control” and “remote keypad” are distinct devices with different procedures.



Appendix B

B.1 Prompt Templates for LLM Coherence Exper-
iments

This appendix provides the complete prompt templates used in the LLM coherence experi-
ments described in Section 5.2. All prompts use the Llama/Mistral instruction format with
[INST] tags; adaptations for other model formats follow the same content structure.

B.1.1 Base QA Prompt (No Retrieval)

Listing 1: Prompt template for generating equivalent query clusters using Phi-3.

Below is an instruction that describes a task. Write a response that
appropriately completes the request.

[INST]

Instruction: You are a powerful Question Answering System. You should
answer the question without external context.

If you don't know the answer, don't try to answer; just say "I don't
know" and avoid adding further context.

QUESTION: {question}

[/INST]

B.1.2 Q-RAG Prompt: Questions Only

Listing 2: Prompt template for generating equivalent query clusters using Phi-3.

Below is an instruction that describes a task. Write a response that
appropriately completes the request.

[INST]

Instruction:

You are an AI Assistant acting as a Frequently Asked Questions (FAQ)
system able to answer questions.

You should answer the question based on the provided context.

The context consists of N questions similar and related to the input
question (frequently asked) and helps you to reason and formulate the
correct answer to the input question.

You must respect the following rules:

[RULES]

+ If you don't know the answer, don't try to answer; just say "I don't
know" and avoid adding unnecessary information.

Do not explicitly state that you are a FAQ system.

Do not explicitly cite the documents you use to answer the question.
Do not mention what other people ask.

Use the context to infer missing information or to clarify ambiguous
questions.

+ Provide concise answers.

+
+
+
+

193




APPENDIX . APPENDIX B

Here is context to help:
{context}

QUESTION: {question}
[/INST]

B.1.3 Q-RAG Prompt: Question-Answer Pairs

Listing 3: Prompt template for generating equivalent query clusters using Phi-3.

Below is an instruction that describes a task. Write a response that
appropriately completes the request.

[INST]

Instruction:

You are an AI Assistant acting as a Frequently Asked Questions (FAQ)
system able to answer questions.

You should answer the question based on the provided context.

The context consists of N question-answer pairs, where the questions
are similar and related to the input question. The answer from each
pair is the correct answer for that particular question.

The question-answer pairs help you to reason and formulate the correct
answer to the input question.

You must respect the following rules:

[RULES]

+ If you don't know the answer, don't try to answer; just say "I don't
know" and avoid adding unnecessary information.

Do not explicitly state that you are a FAQ system.

Do not explicitly cite the documents you use to answer the question.
Do not mention what other people ask.

Use the context to infer missing information or to clarify ambiguous
questions.

+ Provide concise answers.

Here is context to help:

{qa_pairs}

QUESTION: {question}

[/INST]

+
+
+
+

B.1.4 PopQA-TP Prompt: Base (No Retrieval)

Listing 4: Prompt template for generating equivalent query clusters using Phi-3.

Below is an instruction that describes a task. Write a response that
appropriately completes the request.

[INST]

Instruction: You are a powerful Question Answering System. You should
answer the question without external context.

The answer must always be an entity or a list of entities separated
by a comma.

The input question is about the "{propertyl}" topic.

If you don't know the answer, don't try to answer; just say "I don't
know" and avoid adding further context.

QUESTION: {question}

[/INST]

B.1.5 PopQA-TP Prompt: Q-RAG

Listing 5: Prompt template for generating equivalent query clusters using Phi-3.

‘Below is an instruction that describes a task. Write a response that
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appropriately completes the request.

[INST]

Instruction:

You are an AI Assistant acting as a Frequently Asked Questions (FAQ)

system able to answer questions.

You should answer the question based on the provided context.

The context consists of N questions similar and related to the input

question (frequently asked) and helps you to reason and formulate the

correct answer to the input question.

The input question is about the "{propertyl}" topic.

You must respect the following rules:

[RULES]

+ If you don't know the answer, don't try to answer; just say "I don't
know" and avoid adding unnecessary information.

+ Do not explicitly state that you are a FAQ system.

+ Do not explicitly cite the documents you use to answer the question.

+ Do not mention what other people ask.

+ Use the context to infer missing information or to clarify ambiguous
questions.

+ The answer must always be an entity or a list of entities separated
by comma.

Here is context to help:

{context}

QUESTION: {question}

[/INST]

B.1.6 Question Generation Prompt

Used for the “Q Generation” configuration in Section 5.3.2, where the LLM first generates
paraphrases of the input question.

Listing 6: Prompt template for generating equivalent query clusters using Phi-3.

Below is an instruction that describes a task. Write a response that

appropriately completes the request.

[INST]

Instruction:

You are a powerful AI that given an input question generates 5 similar

questions.

A similar question is a question that is asking for the same thing as

the input but posed in a different manner or using different words or

in a way that is not trivial for a language model.

You should generate 5 similar questions.

Rules:

+ Your output must be a valid JSON, just a JSON, no other text or
information is allowed.

+ The structure of the JSON must follow this:

{
"ql": "generated question 1",
"q2": "generated question 2",
"q3": "generated question 3",
"q4": "generated question 4",
"qb": "generated question 5"
}

+ The questions must be different from each other and from the input
but express the same meaning and ask for the same thing.

+ The questions must require the same answer and the same documents
to be answered.

+ Be sure that the output is valid JSON, escape where necessary.

+ If the definition or the meaning of a word/thing is asked in the
input question, be sure the generated questions ask for the same
word/thing meaning.

Here is a couple of examples to help:
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Example 1:
input question: Can lizards fly?
generated questions:

{
"ql": "Can lizards fly through the air?",
"q2": "Do lizards fly?",
"q3": "Are there lizards which can fly?",
"q4": "Are there any flying reptiles?",
"qb": "Are there any flying lizards?"

}

Example 2:

input question: What is the capital of France?
generated questions:

{
"ql": "Can you tell me what the capital of France is?",
"q2": "Which city serves as France's capital?",
"q3": "Name the capital city of France",
"gq4": "France's capital is what city?",
"g5": "What city is the govermmental seat of France?"
}

input question: {question}
[/INSTI]
generated questions:

B.1.7 Chain-of-Thoughts Prompt

Used for the “Chain-of-Thoughts” configuration in Section 5.3.2, where the model reasons
about alternative phrasings before answering.

Listing 7: Prompt template for generating equivalent query clusters using Phi-3.

Below is an instruction that describes a task. Write a response that
appropriately completes the request.

[INST]

Instruction: Answer the question following the reasoning process in
Example 1 and Example 2.

If you don't know the answer, don't try to answer; just say "I don't
know."

The output must be only the answer.

Example 1:

input question: At what temperature is a chicken done?

similar questions are:

+ What temperature does a chicken have to be done?

+ What is the temperature supposed to be in the chicken to be done?

+ What temperature should a whole chicken be cooked at?

+ What is the "internal temperature" of done chicken?

+ What temperature do you cook the chicken to?

if these are similar questions, then the answer is: All poultry should
reach a safe minimum internal temperature of 165 F (73.9 C) as measured
with a food thermometer.

Example 2:

input question: elegxo meaning

similar questions are:

+ What does the term elegxo signify?

+ Can you explain the meaning of elegxo?

+ What is the definition of elegxo?

+ What does elegxo mean in Greek?

+ How is elegxo used in a sentence and what does it mean?

if these are similar questions, then the answer is: The Ancient Greek
term "elegxo" means to refute, expose, convict, or examine.
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Let's begin:
input question: {question}
[/INST]

B.1.8 Paragraph-Based RAG Prompt

Used for the classical RAG baseline in Section 5.2.6, where Wikipedia paragraphs are retrieved
via DPR.

Listing 8: Prompt template for generating equivalent query clusters using Phi-3.

Below is an instruction that describes a task. Write a response that
appropriately completes the request.

[INST]

Instruction: You are a powerful Question Answering System. You should
answer the question based on the provided context.

The context consists of N documents that are relevant to the input
question.

If you don't know the answer, don't try to answer; just say "I don't
know" and avoid adding further context.

Here is context to help:

{paragraphs}
QUESTION: {question}
[/INST]
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Appendix C

C.1 Prompt Templates for LLM question genera-
tion

To generate equivalent queries, we uses Phi-3-mini (Abdin et al., 2024a), 3.8B parameters.

As mentioned in 5, for each query in the MSMARCO and NQ datasets, we generated 10

semantically equivalent rephrasing, maintaining the original intent while introducing linguistic
and lexical diversity. The generation process utilized the following is visible in Listing 9

Listing 9: Prompt template for generating equivalent query clusters using Phi-3.

You are a powerful question rephraser and question generation system. Given a question coming from the
MSMARCO dataset, your task is to generate 10 EQUIVALENT questions using different styles coming
from other different datasets. Two questions are defined EQUIVALENT, is they (i) are asking for
exact same thing even if they contain a very different wording, and (ii) they require the same
answer.

You can use the following dataset styles:

SQuAD-style: Starts with an introductory phrase and focuses on a specific piece of information.

MS-MARCO-style: Framed as a request for information, with a more open-ended tone.

DuoRC-style: Asks about typical or common symptoms/indicators, using ~~if'' to set up the context.

HotpotQA-style: Combines a request for key indicators with a follow-up on how to identify them.

NQ-style: Concise and direct, focused on a specific piece of information. Typically starts with
““what'', who'', where'', etc.

TriviaQA-style: More open-ended, sometimes requiring nuanced answers. May include additional context.

+ WebQA-style: Framed as a request for a list or set of information. Often starts with "~“Can you

provide...'', “"List the...'', etc.

+ o+ 4+ o+ o+

+

Your task is to produce a well formatted and
parsable JSON containing the EQUIVALENT questions.
The produced output must be EXACTLY AS FOLLOWS:
o
"original_question": $INPUT_QUESTION,
"equivalent_questions": [
{'question': $EQUIVALENT_QUESTION_1, 'style': $EQUIVALENT_QUESTION_STYLE_1},
{'question': $EQUIVALENT_QUESTION_2, 'style': $EQUIVALENT_QUESTION_STYLE_2},

{'question': $EQUIVALENT_QUESTION_10, 'style': $EQUIVALENT_QUESTION_STYLE_103}

}oo-

Where the $EQUIVALENT_QUESTION_NTH and $EQUIVALENT_QUESTION_STYLE_NTH are the generated question and
the used style.
To produce the JSON you MUST respect the following rules:
+ The generated questions should be short and concise when possible.
+ Remember: two questions are equivalent if (i) they are asking for exact same thing, and (ii) they
require the same answer.
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+ Remember: each generated question must follow a different style.
+ Remember: the output must be a valid JSON ready to be used without further post-processing.
Here you can find an example:

INPUT_QUESTION: symptoms of a dying mouse
OUTPUT JSON:

{
"original_question": "symptoms of a dying mouse",
equivalent_questions":
n q 3 1 t q ti n [
{"question":"What are the typical symptoms that indicate a mouse is dying?", "style":"NQ"},
{"question":"Identify the most common signs that a mouse is approaching the end of its life.",
"style":"TriviaQA"},
{"question":"Can you provide a list of the primary indicators that a mouse is in the process of
dying?", "style":"WebQA"},
{"question":"According to medical experts, what are the primary symptoms that indicate a mouse
is nearin, e end of its life?", "style": u. s
i ing th d of its life?", "style":"SQuAD"}
{"question":"I need to know the most common signs that a mouse is dying. Can you provide me with
that information?", "style":"MS-MARCO0"},
{"question":"What are the key indicators that a mouse is in the process of dying, and how can
ese be identified?", "style":"Hotpo ,
th be identified?", "style":"HotpotQA"}
{"question":"If a mouse is showing signs of dying, what are the typical symptoms that would
be observed?", "style":"DuoRC"},
{"question":"How does the appearance of a mouse's coat change when it's approaching death?",
"Style":"NQ"}
{"question":"What changes in eating and drinking habits suggest a mouse is near death?",
"Style" . IINQII} s
{"question":"As a mouse approaches death, it may show this sign related to body temperature.
What is it?", "style":"TriviaQA"}
]
}

Remember, just return the JSON, no additional text.
Here is the input: {question}
Please provide your JSON output
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D.1 Answer Correctness Annotation

For Answer candidate annotations we use the prompt in Listing 10. This prompt is used
during the LLM annotation process in the answer declassification procedure.

Listing 10: Answer Correctness Annotation

You are evaluating whether a candidate sentence correctly answers a question.
Question: {question}

Reference answer (known correct): {reference}

Candidate: {candidate}

Does the candidate correctly answer the question? Respond with only "correct" or "incorrect".

D.2 Evaluation Annotation Prompt

In this appendix we report the original SimpleQA grading prompt from Wei et al. (2024),
which classifies responses as “correct”, “incorrect”, or “not attempted”. Both the system and
user prompt are visible in Listing 11 and Listing 12.

Listing 11: SimpleQA evaluation system prompt

Your job is to look at a question, a gold target, and a predicted answer, and then assign a grade of
either ["CORRECT", "INCORRECT", "NOT_ATTEMPTED"].

First, I will give examples of each grade, and then you will grade a new example.
The following are examples of CORRECT predicted answers.

Question: What are the names of Barack Obama's children?

Gold target: Malia Obama and Sasha Obama

Predicted answer 1: sasha and malia obama

Predicted answer 2: most people would say Malia and Sasha, but I'm not sure and would have to double
check

Predicted answer 3: Barack Obama has two daughters. Their names are Malia Ann and Natasha Marian,
but they are commonly referred to as Malia Obama and Sasha Obama.

These predicted answers are all CORRECT because:
- They fully contain the important information in the gold target.
- They do not contain any information that contradicts the gold target.
- Only semantic meaning matters; capitalization, punctuation, grammar, and order don't matter.
- Hedging and guessing are permissible, provided that the gold target is fully included and the
response contains no incorrect information or contradictionms.
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The following are examples of INCORRECT predicted answers.

Question: What are the names of Barack Obama's children?

Gold target: Malia and Sasha

Predicted answer 1: Malia.

Predicted answer 2: Malia, Sasha, and Susan.

Predicted answer 3: Barack Obama does not have any children.

Predicted answer 4: I think it's either Malia and Sasha. Or it could be Malia and Jackie. Or it
could be Joey and Malia.

Predicted answer 5: While I don't know their exact names, I can tell you that Barack Obama has three
children.

These predicted answers are all INCORRECT because:
- A factual statement in the answer contradicts the gold target. Incorrect statements that have some
hedging (e.g., "it is possible that", "although i'm not sure, i think") are also considered
incorrect.

The following are examples of NOT_ATTEMPTED predicted answers.

Question: What are the names of Barack Obama's children?

Gold target: Malia and Sasha

Predicted answer 1: I don't know.

Predicted answer 2: I need more context about which Obama you are talking about.

Predicted answer 3: Without researching the web, I cannot answer this question. However, I can tell
you that Barack Obama has two children.

Predicted answer 4: Barack Obama has two children. I know that one of them is Malia, but I'm not
sure about the other one.

These predicted answers are all NOT_ATTEMPTED because:
- The important information in the gold target is not included in the answer.
- No statements in the answer contradict the gold target.

Also note the following things:

- For grading questions where the gold target is a number, the predicted answer needs to be correct
to the last significant figure in the gold answer.

- The gold target may contain more information than the question. In such cases, the predicted
answer only needs to contain the information that is in the question.

- Do not punish predicted answers if they omit information that would be clearly inferred from the
question.

- Do not punish for typos in people's name if it's clearly the same name.

Listing 12: SimpleQA evaluation user prompt

Here is a new example. Simply reply with either CORRECT, INCORRECT, NOT ATTEMPTED. Don't
apologize or correct yourself if there was a mistake; we are just trying to grade the
answer.
L}
Question: {question}
Gold target: {target}
Predicted answer: {predicted_answer}
L}
Grade the predicted answer of this new question as one of:
A: CORRECT
B: INCORRECT
C: NOT_ATTEMPTED
Just return the letters "A", "B", or "C", with no text around it.

Corpus Retrieval Depth

The answer reconstruction phase retrieves Wikipedia passages to find candidate sentences.
We vary retrieval depth to understand the coverage-efficiency tradeoff. Table 1 shows results
for WikiQA /DeBERTa using Mapg.

At 100 passages, performance falls 4.6 points below baseline with high fallback rate
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Table 1: Effect of corpus retrieval depth on answer reconstruction quality for WikiQA. Deltas com-

puted relative to original baseline.

Passages Avg Fallback % P@1 AP@1 MAP AMAP
Candidates

100 412 14.3% 76.82:+1.43 —4.61 83.4141.12 —4.57

250 1034 8.7% 79.56£0.91 —1.87 86.12+0.67 ~1.86

500 2147 5.9% 81.43+0.42 0.00 87.87+0.16 —0.11

1000 4283 4.2% 81.67+0.38 +0.24 88.03+0.21 +0.05

(14.3%). At 500 passages, we match baseline (A = 0.00) with acceptable 5.9% fallback.
Further increasing to 1000 passages provides negligible improvement while doubling compu-
tational cost. We adopt 500 passages as the default throughout experiments.

Computational Cost

Table 2 breaks down processing time for declassifying WikiQA (2,118 examples).

Table 2: Computational costs for declassifying WikiQA training set. All experiments on 8x NVIDIA

L40S GPUs.
Stage Time Notes
Question retrieval (QUADRo) 1-2 min Full search, 10-35ms/question
Question reranking (QRP) 8 min Cross-encoder inference
Corpus retrieval (BGE) 45 min 500 passages x 2,118 queries
Sentence segmentation 5 min NLTK processing
LLM annotation ~6 hrs Qwen-3-80B, sharded across 8 GPUs
Total ~'7 hrs

LLM annotation dominates processing time. WikiQA averages ~63 answer candidates per
question. Costs scale linearly with dataset size: TrecQA (94 examples) takes ~30 minutes

total.
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