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Abstract

Recent advancements in AI, mainly through Large Language Models (LLMs), have trans-
formed the field, driving both industrial and academic progress. These models are typ-
ically trained using causal language modeling tasks, which, while effective, face certain
limitations compared to traditional machine learning frameworks. For example, they
lack structured and easy-to-implement approaches to incorporate negative examples,
making learning complex instructions or reasoning tasks challenging, such as distin-
guishing high-quality answers from suboptimal ones.

In this Thesis, we propose novel methods to enhance the training of generative mod-
els using classifiers trained on positive and negative examples. Our first contribution is
detailed in "Knowledge Transfer from Answer Ranking to Answer Generation", which
Addresses the challenge of training generative QA models with limited supervised data.
We demonstrate how knowledge from Answer Sentence Selection (AS2) models can be
transferred to generative QA (GenQA) models by leveraging top-ranked candidates as
generation targets and lower-ranked candidates as contextual input. Our approach fur-
ther incorporates AS2 prediction scores for loss weighting and input/output shaping,
significantly improving GenQA performance across multiple academic and industrial
datasets. Building on this foundation, we extended our approach to automatic evaluation
systems for QA. In particular, we designed SQuAre (Sentence-level QUestion AnsweR-
ing Evaluation), an innovative reference-based metric that utilizes multiple positive and
negative references for evaluating QA systems. As described in our paper, SQuAre con-
sistently outperforms previous metrics in correlating with human evaluations, making it
a reliable tool for assessing both extractive (AS2) and generative (GenQA) QA systems.
Additionally, we explored the use of scores from automatic evaluation systems to further
enhance generative QA models. Our research introduced strategies to transfer knowledge
from QA evaluation models to generative models, including augmenting training data
with QA-evaluated answers and weighted generator loss using evaluation scores. This
approach, validated across several datasets, achieves state-of-the-art accuracy in answer
generation.

Finally, we contributed to retrieval-augmented generation (RAG) research by intro-
ducing Retrieval Complexity (RC), a novel metric that measures the difficulty of the
question based on document completeness and retrieval performance. Our unsupervised
RC estimation pipeline identifies complex question types, such as multi-hop, composi-
tional, and temporal queries, enabling retrieval systems to better address high-difficulty
questions and target areas for improvement.
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Chapter 1

Introduction and Contributions

Natural Language Processing (NLP) is a branch of artificial intelligence that enables
machines to understand and generate human language, facilitating applications like
translation, chat systems, and question-answering (QA). QA systems in NLP connect
the way people search for information with the vast knowledge stored in databases. The
latest large language models (LLMs) have brought AI closer to more general intelligence.
However, major challenges remain in assessing reliability, improving training efficiency,
and handling complex information retrieval. Generative models like GPT (Radford and
Narasimhan, 2018; Radford et al., 2019; Brown et al., 2020) have transformed QA by
generating fluent and relevant responses. Still, they face significant limitations that
affect their scalability and real-world use.

1.1 Research Gaps and Contributions of the Thesis
This Thesis examines these challenges and proposes concrete methods to enhance the
performance, scalability, and trustworthiness of generative QA systems by addressing
each research gap. In this regard, we highlight three major research gaps:

1. (Research Gap 1) Current metrics (e.g., BLEU and ROUGE) fail to capture
semantic accuracy, coherence, and relevance. They also introduce biases that can
misrepresent a model’s true effectiveness (Papineni et al., 2002; Lin, 2004). Human
evaluation is more accurate but is expensive, time-consuming, and impractical for
large-scale assessments.

2. (Research Gap 2) Generative models require extensive labeled datasets for ef-
fective training. However, dataset creation is resource-intensive, and current ap-
proaches like Reinforcement Learning from Human Feedback (RLHF) (Christiano
et al., 2023) remain costly and work-heavy.

3. (Research Gap 3) Challenges in Handling Complex Retrieval-based Queries:
Retrieval-Augmented Generation (RAG) models (Lewis et al., 2020b) struggle
with multi-hop and ambiguous queries that require integrating information from
multiple sources. Existing definitions of question complexity mainly focus on
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linguistic or structural difficulty, neglecting the broader challenges of retrieving
relevant knowledge from diverse and scattered sources.

These challenges are interconnected: improving evaluation metrics (Gap 1) strength-
ens training methods (Gap 2), which in turn helps develop more effective models for
handling complex queries (Gap 3). To systematically address these gaps, we: (i) De-
velop a new automatic evaluation system for QA that closely aligns with human assess-
ments (Gap 1), (ii) introduce new training techniques for generative models using weak
supervision and reward-based loss functions (Gap 2), and (iii) propose a new metric to
estimate question complexity in RAG systems (Gap 3).

These methods are detailed in Chapters 4, 5, 6, and 7, with the theoretical founda-
tions provided in Chapter 2.

1.1.1 Generating Quality Assessment for QA models

Evaluating generative QA models is challenging because their outputs are open-ended.
While human evaluation is the most reliable way to assess answer accuracy and quality
(Novikova et al., 2017), it is slow, expensive, and not scalable for large datasets. Most
existing automatic metrics, such as BLEU (Papineni et al., 2002) and ROUGE (Lin,
2004), were designed for machine translation and summarization, making them unsuit-
able for capturing the finer aspects of answer quality in QA systems (Reiter, 2018b;
Chen et al., 2019). This creates a strong need for new evaluation frameworks that can
accurately assess semantic correctness, relevance, and coherence while closely aligning
with human judgment.

Our contribution: In this thesis, we introduce SQuArE (Sentence-level QUestion
AnsweRing Evaluation), a novel, robust, and adaptable evaluation metric specifically
designed for QA tasks (Chapter 4). Unlike traditional metrics, SQuArE considers mul-
tiple reference answers and incorporates both positive and negative examples, allowing
for a more detailed and accurate assessment of answer quality. By addressing the
limitations of manual evaluation (such as cost, time, and human errors) SQuArE signif-
icantly reduces the need for human evaluators while enabling faster and more efficient
large-scale assessments of generative QA systems. Most importantly, SQuArE demon-
strates a high correlation with human judgments, validating its effectiveness as a strong
alternative to manual evaluation

1.1.2 Train Without Human-Annotated Data

A key challenge in generative QA is the difficulty of creating high-quality training data,
which limits model improvements. Most existing QA datasets focus on simple factual
questions and do not adequately prepare models for generating long-form, conversa-
tional responses (Rajpurkar et al., 2016a; Kwiatkowski et al., 2019). To address this,
it is crucial to develop new methods that make better use of existing resources while
reducing reliance on manual annotation.
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Our contribution: In this Thesis, we introduce new training objectives and method-
ologies based on weak supervision to mitigate the need for manually annotated
datasets. Specifically:

• We introduce a knowledge transfer framework that links Answer Sentence Selec-
tion (AS2) with generative QA models. This approach reduces reliance on large
labeled datasets by leveraging the strong discriminative abilities of AS2 models.

• We propose a feedback loop mechanism to incorporate SQuArE into the train-
ing of generative QA models. Leveraging SQuArE scores as the only proxy dur-
ing training, we synthesize high-fidelity data, which consistently improves perfor-
mance on the model solutions and reduces the need for human-annotated large
corpora.

These techniques enable the development of more robust and adaptable QA systems
that can learn from noisy or partially labeled data. The weak supervision approaches
discussed in Chapters 5 and 6 help bridge this gap, making it possible to build strong
QA systems using unlabeled data.

1.1.3 Complexity of Questions

While Large Language Models (LLMs) excel at various NLP tasks (Radford and Narasimhan,
2018; Radford et al., 2019; Brown et al., 2020), some questions remain inherently chal-
lenging, requiring multi-hop reasoning or complex inference. For example, Chain-of-
Thought prompting (Yang et al., 2018b) increases reasoning complexity, while Retrieval-
Augmented Generation (RAG) introduces difficulties in retrieving relevant information.
Traditional complexity analyses focus mainly on the model’s reasoning ability but of-
ten overlook the retrieval process. However, the accuracy and relevance of retrieved
information are critical for answering questions in RAG systems (Izacard and Grave,
2021).

Our contribution: we propose a definition of retrieval complexity to clarify and
tackle some questions’ challenges. Our contributions include:

• A formal definition of retrieval complexity, which measures how difficult it is to
find the correct information within a document collection to answer a question.

• A framework for evaluating retrieval difficulty based on the distribution of relevant
information across documents and the inherent ambiguity of the question.

This improved notion of complexity helps understand the relationship between re-
trieval and generation, enabling the development of more effective RAG pipelines and
realistic QA datasets. Chapter 7 introduces a new definition and methodology for mea-
suring retrieval complexity, offering new possibilities for improving RAG models and
dataset design.
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By addressing these three research gaps, this thesis enhances generative QA by
improving evaluation reliability, training efficiency, and the handling of complex infor-
mation retrieval challenges. The first research gap can be framed as a key research
question: What factors influence the reliability of generative QA, and which of these
can be measured? These contributions strengthen the scalability and robustness of QA
systems, providing practical tools for advancing NLP research and applications.

1.2 Publications

In this section, we provide a list of the publications that led to the creation of this work.
We sorted the entries in order of publication.

• Effective Pre-Training Objectives for Transformer-based Autoencoders
Di Liello Luca, Gabburo Matteo and Moschitti Alessandro
Findings of the Association for Computational Linguistics: EMNLP 2022

• Knowledge Transfer from Answer Ranking to Answer Generation
Gabburo Matteo, Koncel-Kedziorski Rik, Garg Siddhant, Soldaini Luca and Mos-
chitti Alessandro
Proceedings of the 2022 Conference on Empirical Methods in Natural Language
Processing

• Learning Answer Generation using Supervision from Automatic Ques-
tion Answering Evaluators
Gabburo Matteo, Koncel-Kedziorski Rik, Garg Siddhant, Soldaini Luca and Mos-
chitti Alessandro
Proceedings of the 61st Annual Meeting of the Association for Computational Lin-
guistics

• SQUARE: Automatic Question Answering Evaluation using Multiple
Positive and Negative References
Gabburo Matteo, Koncel-Kedziorski Rik, Garg Siddhant, Soldaini Luca and Mos-
chitti Alessandro
Proceedings of the 13th International Joint Conference on Natural Language Pro-
cessing and the 3rd Conference of the Asia-Pacific Chapter of the Association for
Computational Linguistics

• Measuring Retrieval Complexity in Question Answering Systems
Gabburo Matteo, Jedema, Nicolaas Paul, Garg Siddhant, Ribeiro Leonardo F. R.
and Moschitti Alessandro
Findings of the Association for Computational Linguistics: ACL 2024

• Datasets for Multilingual Answer Sentence Selection
Gabburo Matteo, Campese Stefano, Agostini Federico, and Moschitti Alessandro
Findings of the Association for Computational Linguistics: EMNLP 2024
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1.3 Thesis Structure

This Thesis is structured into eight chapters. The first three chapters provide essential
background information. Specifically, apart for this introduction chapter (Chapter 1),
the following two chapters are meant to describe all the necessary background to un-
derstand the core chapters of this Thesis. In detail, Chapter 2, describes the essential
background knowledge for the Thesis, covering key aspects of Natural Language Pro-
cessing (NLP). It then presents and analyzes the transformer architecture, highlighting
its superiority over previous models like RNNs and discussing its implementations and
pretraining techniques.

In Chapter 3, we will start going in-depth on the main arguments of this Thesis,
providing three different case studies that allow us to focus on the Transformer archi-
tecture, its training objectives, and its application on Question Answering tasks. In
detail, this chapter is organized into three parts where each part is a case study based
on a paper on which I worked during my PhD programme. The first part provides
an overview of transformers, showcasing their versatility and effectiveness in solving
various tasks, including novel domains like code generation and analysis. The second
part explores efficient pretraining techniques for transformer encoders and it is based on
(Di Liello et al., 2022a). In this paper, we propose new methods that balance efficiency
and performance. The third part allows us to dive deep into the question-answering do-
main, examining fine-tuning techniques for transformers. This work, which is partially
based on (Gabburo et al., 2024a), highlights the adaptability of transformer models to
complex multilingual NLP tasks and improves performance through innovative methods
like automatic dataset translation and loss manipulation.

Chapters 4,5, 6 and 7 represent the core of the main arguments of this Thesis and
directly tackle the research gaps mentioned in Section 1.1. In detail, Chapter 4 discusses
a key contribution of this Thesis, which is the development of SQuArE (Sentence-level
QUestion AnsweRing Evaluation), a new evaluation metric for Generative QA systems.
This chapter, which is based on a published paper (Gabburo et al., 2023b), addresses
the limitations of existing automatic metrics and the costs of the manual evaluation by
incorporating multiple reference answers and leveraging transformer-based models for
semantic similarity assessment. Our experiments demonstrate that SQuArE achieves a
higher correlation with human judgments compared to traditional metrics, providing a
more reliable tool for evaluating both extractive and generative QA systems.

In Chapter 5, we propose an innovative approach to training generative QA models
by transferring knowledge from discriminative Answer Sentence Selection models based
on Gabburo et al. (2022). This method allows for effective training of generative models
using unlabeled data, addressing the challenge of limited high-quality training data for
generative QA. Our experiments show that this approach can outperform both the AS2
teacher models and supervised generative QA models on various benchmarks without
the need for costly human-annotated corpora.

In the following chapter (Chapter 6), capitalizing on the success of SQuArE, we de-
velop a novel training paradigm for generative QA models incorporating feedback from
the SQuArE metric. This approach, which we described in the ACL paper Gabburo
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et al. (2023a), uses SQuArE scores to guide the training process, leading to improved
answer quality and relevance. Our results demonstrate significant improvements in
generative QA performance across multiple datasets and languages.

Our final core contribution introduces the concept of retrieval complexity in Chapter
7, offering a new way to understand and measure the difficulty of questions in QA tasks.
We propose a methodology for quantifying retrieval complexity and demonstrate its
effectiveness in identifying challenging questions across various datasets. This published
work (Gabburo et al., 2024b) provides valuable insights into the nature of question
difficulty and offers a new tool for dataset creation and model evaluation in QA research.

This Thesis concludes with Chapter 8, which summarizes its major contributions
and outlines potential directions for future research.
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Chapter 2

Background

This chapter introduces all concepts, theories, and background knowledge to understand
and read the further chapters of this Thesis. In this chapter, we decided to make groups
of sections, which will focus in certain topics to explain features of Natural Language
Processing, the domain of Question Answering and systems designing principles that
can be applied to solve their task.

First, Section 2.1 will present an introduction to the Natural Language Process-
ing domain with its significant tasks like Machine Translation (MT), Named Entity
Recognition (NER), and Sentiment Analysis (SA).

Second, in Section 2.2, we provide a detailed description of the current state-of-the-
art used in Natural Language Processing and other fields (e.g., computer vision): the
transformer architecture (Vaswani et al., 2017). Specifically, this peculiar architecture,
which mainly relies on the attention mechanism, outperforms previous deep learning
solutions, such as Recurrent Neural Networks (e.g., LSTM, GRU), in every task, setting
a new standard in NLP. In addition, we discuss the key innovations and why it has
become the go-to choice for modern NLP applications (Devlin et al., 2019) (Radford
et al., 2019).

Third, Section 2.3 describes in depth one of the major improvements of the trans-
former architecture over the previous models, which is its training paradigms, and
specifically analyzes in depth the pretraining step, explaining why these trained models
are often named as pretrained language models (PLM) (Devlin et al., 2019). In addi-
tion, we will describe in detail the most common techniques usually used to train these
models, such as Masked Language Modeling and Causal Language Modeling (Radford
and Narasimhan, 2018; Clark et al., 2020). These techniques characterize PLMs such
as BERT, GPT, and ELECTRA (Devlin et al., 2019; Radford et al., 2019; Clark et al.,
2020).

Fourth, in Section 2.4, we will focus on the central topic of this Thesis, which is
the Question Answering (QA) Field (Ferrucci et al., 2010). QA can be summarized
as a family of tasks involved in automatically answering natural language questions
(Rajpurkar et al., 2016b). In this Thesis we touch some of these tasks, such as Extractive
Question Answering (Rajpurkar et al., 2018a), Information Retrieval (Karpukhin et al.,
2020) Passage Ranking (Nogueira and Cho, 2020)), Answer Sentence Selection (Severyn
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and Moschitti, 2015), and Generative Question Answering (Raffel et al., 2020a). In
addition, we will explore in depth the typical pipeline used in industrial and academic
applications to solve Open Domain Question Answering (ODQA) (Chen et al., 2017a)
and the methodologies to deal with questions from various fields without prior domain
knowledge (Kwiatkowski et al., 2019).

Lastly, in Section 2.5, we discuss the different datasets and benchmarks considered
in this Thesis for training, evaluating, and benchmarking NLP and QA systems.

2.1 Natural Language Processing

Natural Language Processing (NLP) is a subfield of artificial intelligence that is focused
on software programs that can understand human languages as they are spoken natu-
rally. Its multidisciplinarity implies crossovers with computational linguistics, informa-
tion retrieval, knowledge representation, and machine learning (Manning and Schütze,
1999; Jurafsky and Martin, 2009). Different paradigms guiding the field can thus be
tracked in the evolution of the sociological understanding of social change; and can help
make sense of a developing line of sociology of social change as well.

2.1.1 Early Conceptualization and Rule-Based Approaches (1950–
1990)

NLP has roots in the 1940s and 1950s, when its priorities were solving practical prob-
lems like translating foreign languages automatically. The early systems were rule-based
symbolic systems, which were manually crafted linguistic rules (Chomsky, 1956; Wino-
grad, 1972). These systems used grammars and ontologies, which require considerable
human expertise, to encode linguistic knowledge. For example, transformational gram-
mar approaches formalize syntactic structures.

Though pioneering, and a good starting point for computational linguistics, rule-
based systems were not very scalable or flexible. They were limited to relying on
handcrafted rules, which made them less flexible in conveying the complexities of natural
language. Consequently, researchers started looking at different methodologies.

2.1.2 The Rise of Statistical Methods (1990–2010)

The most notable shift, which took place in the 1990s, involved moving away from
rule-based methods towards statistical techniques driven by the proliferation of large
datasets along with computation resources, greatly enhanced through the progress of
hardware described by Moore’s law (Moore, 1965). Statistical methods were a departure
from the previous paradigms of rule-based processing. Groundbreaking successes in the
1990s consisted of the use of Hidden Markov Models (HMMs) (Rabiner, 1989) and
n-gram language models (Jelinek, 1990). These systems have shown great success in
POS tagging (Brill, 1995), NER (Tjong Kim Sang and De Meulder, 2003), and machine
translation.
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This is also the era where machine learning was incorporated into NLP. Statistical
approaches offered a foundation to create algorithms capable of directly learning from
data, leading to substantial performance gains. Researchers pioneered basic approaches
to tasks, including parsing, word alignment for translation, and semantic similarity
(Church and Hanks, 2002). By the early 2000s, these approaches had become the
norm, achieving state-of-the-art performance in various branches of NLP.

2.1.3 The Deep Learning Revolution and Word Embeddings
(2010–Present)

The deep learning techniques that emerged in the 2010s revolutionized NLP. Word em-
beddings, e.g. Word2Vec (Mikolov et al., 2013) and GloVe (Pennington et al., 2014),
were central to this revolution, and made possible dense vector representations of words.
These embeddings retained semantic and syntactic relationships, enabling models to
generalize across distinct linguistic settings. The ability to model sequential data took
huge leaps with the advent of neural network architectures like Recurrent Neural Net-
works (RNNs) (Mikolov et al., 2010) and Long short-term memory (LSTM) networks
(Hochreiter and Schmidhuber, 1997a), giving rise to applications such as Speech Recog-
nition (Graves et al., 2013) and Machine Translation (Bahdanau et al., 2014a). These
architectures enhanced performance by handling long-term dependency and contextual
nuances in language.

Transformer architecture (Vaswani et al., 2017) was a breakthrough for NLP. In
contrast to RNNs and LSTMs, Transformers utilized attention mechanisms to process
sequences in parallel, effectively addressing the challenges of vanishing gradients and
short-term dependencies. Transformers were the basis of strong models like BERT
(Bidirectional Encoder Representations from Transformers) (Devlin et al., 2019) and
GPT (Generative Pre-trained Transformer) (Radford and Narasimhan, 2018). These
models have demonstrated state-of-the-art performance on tasks including Text Sum-
marization (Liu and Lapata, 2019), Sentiment Analysis (Zhang et al., 2018), and Ques-
tion Answering (QA) (Devlin et al., 2019).

2.1.4 Applications and Core NLP Components

NLP encompasses a wide range of tasks that can be categorized into core components,
each contributing uniquely to the understanding and processing of human language:

• Syntax: Syntax focuses on analyzing the grammatical structure of sentences
and the relationships between words. This includes tasks such as Part-of-Speech
(POS) tagging, dependency parsing, and constituency parsing, which provide
foundational insights into how sentences are structured. Applications include
grammar-checking tools, like those used in word processors, and syntactic analy-
sis in machine translation systems.

• Semantics: The semantics is for the meaning of the words, phrases, and sen-
tences. Word number disambiguation, semantic role labeling, and entailment
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detection None of these tasks are specifically linguistics, but they do all con-
tribute to understanding the nuances of meaning. I mean, semantic analysis is
critical in applications such as question-answering (QA) systems, where the mean-
ing and intent of the words and surrounding context must be identified to return
appropriate, valuable answers.

• Pragmatics: Pragmatics interprets language in its broader context, understand-
ing not only what the speaker says but also what he means, state implications,
social cues, etc. This component is vital in tasks such as dialogue systems, senti-
ment analysis, and conversational AI, where a single sentence can take on varied
meanings based on the context. Pragmatics is especially relevant for the develop-
ment of virtual assistants like Siri or Alexa, which must tailor individual responses
to user intent and situational context.

• Morphology : Morphology refers to the internal structure of words and the
rules governing how words are formed (not just inflection), derivation, compound-
ing, and so on. In languages with rich inflectional systems, such as Arabic or
Finnish, morphological analysis is crucial. It has been used in applications such
as spell-checking systems, text normalization in speech recognition, and most im-
portantly, in low-resource language processing; because of the morphology rules,
it enables to solve the data sparseness problem.

These pillars are the fundamental building blocks for various NLP applications, such
as:

• Named Entity Recognition (NER): This task distinguishes and classifies en-
tities like people, organizations, and locations in a given text. NER has been
widely used in the extraction of information systems and search engines.

• Neural Machine Translation (NMT): Translation of one language into an-
other using neural networks. Modern NMT systems based on Transformers have
achieved a major leap in translation fluency and quality.

• Speech Recognition: The task of translating spoken words into written text
and voice commands facilitates usage in products like smart speakers, voice tran-
scription, and automated systems.

• Text Summarization: Generating concise summaries from extensive text sources
is key in news aggregation and document summarization applications. Sentiment
Analysis — Expressed sentiments (for example, in tweets, analyzes customer
feedback texts)

• Question Answering (QA): Extracting or generating correct answers to user
questions from textual data. QA systems are foundational to search engines,
chatbots, and customer support automation.
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Chapter 2. Background

Until then, the components and applications of NLP served as the building blocks
of advanced models to deal with complex linguistic problems. The significance of this
research lies not only in its impact on language technology but also on its role as
an intersection of linguistics, machine learning, and data-driven techniques to solve
problems.

2.1.5 Focus on Question Answering (QA)

This paper introduces an overview of the role of Question Answering (QA) as a central
area for modern NLP, one of the most challenging and influential uses of language
understanding. QA systems need models that can retrieve, interpret, and produce
correct answers to questions asked in natural language in a wide variety of domains, data
sources, and question types. Such systems are required to have multiple components
of NLP working together, such as information retrieval, semantic understanding, and
context-aware generation.

Earlier QA systems were primarily extractive approaches like Answer Sentence Se-
lection (AS2), whereby candidate sentences were ranked based on their relevance to
the query (Garg et al., 2019). These approaches aim to identify and extract segments
of text from a provided source, such as the aforementioned document. Although they
work well for some use cases, like fact-based QA, extractive approaches cannot synthe-
size information across sources or generate fluent, relevant answers. However, the rise
of Generative QA (GenQA) methods represented a meaningful step forward, as gener-
ative language models were used to create answers rather than simply extracting them.
GenQA systems generate answers by synthesizing information extracted from the top
candidates, usually within a retrieval-augmented generation (RAG) framework. This
allows for clarity, mellifluousness, and relevance in the answers, regardless of fragmen-
tation in the input, which may refer to multiple documents. The training of GenQA
models enables flexibility and adaptability, which makes them suitable for open-domain
QA and conversational systems.

The development of QA systems is part of a more significant trend in NLP that is
moving toward models that can participate in complex, more human-like interactions.
Recent QA methods go as far as employing sophisticated means, including pre-trained
models based on Transformers (BERT, GPT-based class models) and reinforcement
learning from human feedback (RLHF), coupled to enhance performance and answer
quality. Such developments allow QA systems to tackle challenges that require more
sophisticated reasoning patterns: multi-hop reasoning, temporal reasoning, answering
ambiguous or underspecified questions, etc.

This Thesis contributes to the improvement of QA systems by proposing new method-
ologies for better answer generation and evaluation. This work seeks to raise the bar for
QA systems by exploring novel methods of merging generative and evaluative methods,
with the ultimate goal of a truly cohesive, human-like experience.
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Figure 2.1: Transformer architecture

2.2 The Transformer Architecture

The Transformer architecture (Vaswani et al., 2017) represents the current state of
the art in multiple tasks, outperforming all previous approaches based on Recurrent
Neural Networks (RNN). Unlike deep architectures such as Long Short-Term Memory
(LSTM) by Hochreiter and Schmidhuber (1997b) or Gated Recurrent Unit (GRU) by
Cho et al. (2014), the Transformer architecture relies solely on the attention mechanism
(Bahdanau et al., 2014b), which does not use recurrence and is typically based on
complex gating systems.

This architecture (Figure 2.1) is a stacked structure logically divided into two parts:
the encoder and the decoder. Both the encoder and the decoder of a Transformer can be
seen as stacks of different layers composed of attention mechanisms and fully connected
layers.

By elaborating on the relations between the words, these models are able to "learn"
the semantic representation of each word and the semantics of the entire sentence.
Indeed, similar to earlier architectures such as the RNNs, the input of the Transformer
is always a sequence, and in the case of NLP, this sequence consists of words, tokens, or
characters. The tradition of splitting a sentence up into words or characters has been
abandoned in favor of working with tokens over the past 10 years.

This approach allowed us to solve the two principal problems of using words and
characters. First, the techniques based on word embeddings (Mikolov et al., 2013) need
to start from a vocabulary of known atomic components of a sequence (e.g., words),
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Chapter 2. Background

which could compose all the possible inputs. This vocabulary is complex to modify
once the model is trained, and the vocabulary based on words leads to the Out-Of-
Vocabulary (OOV) problem (for example, when the input word contains a typo or is
a neologism). Second, the approach based on characters is not able to build a strong
semantic representation of each character (Sennrich et al., 2016a). In contrast, a token
can be seen as a smaller part of a larger word, which could be big enough to get a strong
learned semantic representation but small enough to be composed with other tokens
to build words to solve the OOV problem. In detail, tokens are the fundamental units
that are used to compose words. For example, the word "literature", can be seen as the
composition of the letters {l, i, t, e, r, a, t, u, r, e} or of the tokens {lit, era, tur, e}.

Formally, given a vocabulary V , a word W of size k can be seen as an ordered list
of tokens:

W = {t0, t1, . . . , tk}, (2.1)

where each ti ∈ V is a part of the original word. This is crucial for breaking down
natural language into manageable pieces that the transformer architecture can process.

Starting from the input, the first part of a Transformer model is the embedding layer.
The role of this layer is to project the textual inputs into a vector space to maximize
its expressive power. This idea was initially inspired by the authors of the Word2Vec
model (Mikolov et al., 2013), who noticed that previous encoding techniques, such as
lexicons or one-hot encoding, were not optimal for representing important semantic
properties. Following this intuition, they proposed a two-layer neural network that was
able to learn this kind of relation, calling them word embeddings.

The Transformer architecture builds embeddings that can more accurately encode
context using the semantics of each word in the input sequence and their positions.
This second type of vector is called positional embeddings, and like for words, they are
learned during training.

After the embedding layer of the Transformer, there is an encoder model, which
is composed of many identical stacked layers. Each layer is defined as a dot-product
attention mechanism (Equation 2.2) called self-attention and a fully connected layer.
The attention layer is fed with three different vectors called queries (Q), keys (K), and
values (V ), which are matrices representing the input embeddings.

Attention(Q,K, V ) = softmax
(QKT

√
dk

)
V (2.2)

The attention mechanism in the encoder and the decoder are slightly different: Here
in the encoder, these three inputs are different representations of the same context, while
in the decoder, K and V are representations of what the encoder produced, where Q
comes from the decoder inputs.

The Transformer implementation took the multi-head attention mechanism another
step further: separate attention layers (heads) are computed in parallel in different
parts of the input, to separate dimensions of the embeddings. Due to the joining of
many different representation sub-spaces in the output, this extension improves ro-
bustness and performance. The second component of each layer is a fully connected
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feed-forward network, which is applied to all symbols in a position-independent manner
and independently to each position. It performs a linear transformation. The network
defined by Equation 2.3 is shared between every consecutive layer and usually consists
of a 2-layer network with ReLU (Rectified Linear Unit) activation in the middle.

FFN(x) = max(0, xW1 + b1)W2 + b2 (2.3)

After the encoder, there is the second part of the architecture that consists of the
decoder. The decoder structure is similar to the encoder but implements some changes,
such as the already explained modified self-attention that takes into consideration the
queries (Q) coming from the encoder input.

2.2.1 Architectural variations

The original Transformer architecture proposed by Vaswani et al. (2017) consisted of
an encoder-decoder architecture, which was specifically designed for text-to-text tasks,
such as neural machine translation. Nevertheless, based on its potential performance,
it has been adapted to meet various tasks and goals. The two additional variations of
this architecture are, at a component level, two, the encoder-only and the decoder-only
Transformer, which we describe below.

Encoder Only Transformer

The encoder-only architecture, first proposed by BERT (Devlin et al., 2019), consists of
a transformer where the decoder part has been removed. This particular architecture
does not conserve the mechanism to ensure the left-to-right knowledge of the input
present in the decoder of Vaswani et al. (2017). This modification allows the Trans-
former to get a bidirectional understanding of the input, which could benefit specific
sentence-level tasks such as text classification, sentiment analysis, NER, intent classifi-
cation, passage ranking, and answer sentence selection.

Indeed, this architecture can be easily adapted to solve downstream tasks by simply
attaching a classification head on top of the decoder or the encoder part and tuning it
with fine-tuning on a target task.

Decoder Only Transformer

Despite the name, the decoder-only Transformer is not a decoder in terms of architec-
ture. This modification of the Vaswani et al. (2017) Transformer, firstly presented by
the authors of Radford and Narasimhan (2018), conserves the encoder part of the orig-
inal Transformer but implements a mechanism to guarantee the left-to-right knowledge
of the input as it happens for the RNNs.

2.2.2 Improvements to the original architecture

Despite the considerable improvement and contribution that the Transformer made to
the NLP domain, this architecture suffered from some limitations.
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Static Positional Embeddings: Unlike the RNNs, in the transformers architec-
ture, the position of the tokens that compose the input sequences are not self-encoded.
Therefore, in (Vaswani et al., 2017), they introduced a method of encoding the positions
of tokens using static positional encodings that are added to the input sequence em-
beddings. This was a very inconvenient property of these architectures since it meant
their flexibility was limited by the length of the training sequences they had seen, and
they were less able to generalize to longer sequences. This problem was later quickly
solved by learning the positions also using embedded representations instead of static
encodings (Devlin et al., 2019).

Quadratic Computational Complexity: One of the major problems involving the
attention architecture is its quadratic complexity towards the input. Unfortunately, this
behavior impacts the architecture both in terms of time and required space. Indeed, the
computational complexity of the attention mechanism is O(n2). This means the effort
required for the attention mechanism to perform an operation grows exponentially with
the length of the input. Since the transformer architecture mainly relies on the attention
mechanism, it also suffers from this limitation. In addition to the time complexity issue,
this system presents another important problem, which is the space needed to store the
attention matrices. Unfortunately, similar to the computational complexity, the size of
these matrices also grows with the length of the input sequences, making it difficult to
use on machines with low memory.

Indeed, to train and use these models with a reasonable amount of time and re-
sources, the first applications of these architectures, such as BERT, RoBERTa, Electra,
or T5, were trained to have a maximum input sequence length capped at 512 tokens
making it impossible for them to handle longer sequences.

Many researchers extended the attention mechanism to improve the pitfalls. For
instance, the authors of (Child et al., 2019) and (Beltagy et al., 2020) introduced a
sparse factorization of the attention mechanism. This operation reduces the number
of calculations, as the attention simply needs to focus on the part of the tokens at the
time by means of sliding windows or fixed intervals.

Besides, the authors of the Linformer (Wang et al., 2020a) proposed a solution to
linearize the attention mechanism based on a linear projection of the attention matrixes
to smaller matrixes, while the Performer (Choromanski et al., 2022) apply randomized
kernels to approximate the attention. Another relevant approach is represented by
(Kitaev et al., 2020), where the authors introduced a mechanism that groups similar
words and uses hashing techniques to reduce the computational complexity, avoiding
recomputing already seen combinations of tokens. Similarly, the linear and routing
transformers (Katharopoulos et al., 2020; Roy et al., 2021) implemented efficient ver-
sions of the attention matrixes by reducing their dimensionality and using compact
data structures. With FNet (Lee-Thorp et al., 2022), its authors tried to replace the
self-attention mechanism in the transformer architecture with linear transformations
based on unparameterized Fourier Transformations, showing significant improvements
in terms of required computational effort at the cost of a slight drop in terms of model
accuracy. Recently, the authors of (Dao et al., 2022) and (Dao, 2023a) proposed the
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FlashAttention, which is an engineered version of the original full-attention. These op-
timizations allow multiple operations to be combined into a single GPU kernel using a
technique named "kernel fusion," which combines the softmax and matrix multiplica-
tion into a single GPU operation and saves space and time.

Long dependencies: Although Transformers can theoretically capture long-range
dependencies, in practice, especially in the early stages of the training, they mainly
focus on local context. This non-optimal understanding of these relationships directly
impacts the final performance of the transformer models on the downstream tasks re-
quiring the understanding of long-range relationships. Several researchers addressed
this issue, proposing different solutions based on the custom versions or modifications
of the attention mechanisms in order to improve the trade-off between computational
efficiency and the capacity to capture meaningful long-range relationships in the in-
put data. For example, some approaches tried to combine the local attention windows
with some global attention nodes, making it possible to capture both local and long-
range context without having to deal with the quadratic complexity of full attention.
The authors of the Longformer (Beltagy et al., 2020), uses a sliding window attention
pattern with additional global attention on specific tokens, allowing it to process se-
quences of thousands of tokens in an efficient way. In addition, Big Bird (Zaheer et al.,
2020) extends this idea by incorporating random attention and improving the ability
of the model to deal with long-range dependencies. Another solution is represented by
architectures that mix local and global contexts to enhance the capture of long-range
dependencies, like the Routing Transformer (Roy et al., 2021). Indeed, this architecture
employs a content-based sparse attention mechanism that is able to route the queries
of the attention mechanism to the most relevant attention keys, allowing the balance
of the processing of local and global information.

Model sizes and scalability: Differently from previous state-of-the-art architec-
tures like RNNs, the transformer performance scales with its size. This feature led
to rapid growth in the pretrained language models in terms of a number of parame-
ters. For example, BERT (Devlin et al., 2019), which was one of the first pretrained
models, has from 110 to 340 Million parameters, while modern pretrained language
models such as LLama3 (AI@Meta, 2024) have up to 405 Billion parameters. However,
this scalability has introduced new challenges related to the computational and mem-
ory resources required for training and making inferences on these systems, motivating
several researchers to work on the idea of reducing these costs and then producing in-
teresting techniques. For example, techniques such as "distillation" allow the transfer
of knowledge from expert teacher models to smaller students, obtaining a reduction of
the model’s size but maintaining a good trade-off between the number of parameters
and the model performance (Hinton et al., 2015; Sanh et al., 2019). Additionally, other
techniques such as gradient checkpointing (Chen et al., 2016), model parallelism, and
pipeline parallelism (Shoeybi et al., 2019) allowed scaling the architecture paralleliz-
ing and distributing training and inference across multiple machines, overcoming the
memory limitations of individual devices.
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2.3 Pretraining Techniques and Pretrained Models

One of the key ideas that makes transformer-based models the new standard for natural
language processing (NLP) tasks is that they can be trained unsupervised on large
amounts of unlabeled data. This specific training is known as "pretraining". Indeed,
pretraining techniques allow us to learn rich language representations from vast text
corpora before fine-tuning specific downstream tasks (Devlin et al., 2019). This section
will provide an exhaustive background of the most common pretraining techniques and
illustrate their details.

2.3.1 Pretraining Techniques

Transformers are usually trained in two steps, which are (i) pretraining and (ii) fine-
tuning. During the pretraining stage, the model is trained on a generic task using mas-
sive unlabeled datasets and consuming a significant amount of computational resources
that, in the worst case, can have a negative impact on the environment (Strubell et al.,
2019; Bender et al., 2021). Subsequently, the pretrained model can be fine-tuned on
downstream tasks using smaller annotated datasets and reduced training time (Devlin
et al., 2019).

Researchers studied and developed different techniques to perform this training
stage. The next sections will provide an insight of some of these techniques.

Masked Language Modeling (MLM)

The Masked Language Modeling task (MLM) is an unsupervised pretraining task orig-
inally presented by Devlin et al. (2019). The key idea behind this famous pretraining
objective, which is generally used to train transformer encoder models only (Section
2.2.1), is to force the model to learn token representation by understanding the original
meaning of randomly masked tokens as shown in Figure 2.2. In detail, MLM is a token-
level pretraining objective where, during the training, a certain percentage of input
tokens are randomly masked, and the model is trained to predict the masked tokens
based on the surrounding context. This encourages the model to learn bidirectional
representations of the input text. MLM has been a foundational approach for models
like BERT (Devlin et al., 2019) and RoBERTa (Liu et al., 2019), which have set new
benchmarks across various NLP tasks by leveraging the deep contextual understanding
facilitated by MLM. The percentage of masked tokens varies according to the model.
For example, BERT has been trained to mask the 15% of the tokens.

Casual Language Modeling (CLM)

The Causal Language Modeling task (CLM) is a well-known autoregressive task used
to train language models. Despite CLM is currently used to train GPT-like (Radford
and Narasimhan, 2018) transformer models, this task has been commonly used before
to train models like RNNs based models such as Long Short-Term Memory (LSTM)
and Gate Recurrent Unit (GRU) networks. The key idea of this objective is to train
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Masked Language Modeling Example

Original: The cat sits on the mat .

Masked: The [MASK] sits on the [MASK] .

Prediction: The cat sits on the mat .

Figure 2.2: Illustration of the Masked Language Modeling task
Causal Language Modeling Example

Input: The cat sits on

Step 1: The cat sits on the

Step 2: The cat sits on the mat

Figure 2.3: Illustration of the Causal Language Modeling task

the model to predict the next word in a sequence (as shown in Figure 2.3), given all
the previous words. Although, differently from MLM (Section 2.3.1), the autoregressive
behavior of this approach does not allow for a bidirectional understanding of the input,
CLM aligns with natural language generation tasks, where the model needs to produce
text sequentially. This straightforward objective achieved remarkable success and is
currently one of the most used pretraining objectives to train large language models.

Permutation Language Modeling (PLM)

The Permutation Language Modeling task (PLM) is an unsupervised pretraining ob-
jective introduced by (Yang et al., 2019b) with the XLNet model. With this task, the
authors leveraged the well-known Autoregressive Causal Language Modeling task but
improved it, allowing a bidirectional understanding of the input. The key idea of this
task is to let the model learn the token representation of the next token, providing
different factorizations of the input and asking the model to predict the next token (as
shown in Figure 2.4).

This mechanism allows the model to maintain autoregressive behavior while acquir-
ing a better bidirectional understanding of the input.

Next Sentence Prediction (NSP)

The Next Sentence Prediction task (NSP) is a pretraining objective first presented in
Devlin et al. (2019). This task has been used in parallel with MLM (Section 2.3.1) to
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Permutation Language Modeling Example

Original: The cat sits on the mat.

Permutation 1: The cat sits on the mat

Permutation 2: The cat sits on the mat

Permutation 3: The cat sits on the mat

Figure 2.4: Illustration of the Permutation Language Modeling task
Next Sentence Prediction Example

Example 1: Sentence A: The cat sits on the mat.
Sentence B: It looks comfortable there.
Prediction: IsNext

Example 2: Sentence A: The dog barks loudly.
Sentence B: The sky is blue today.
Prediction: NotNext

Figure 2.5: Illustration of the Next Sentence Prediction task

pretrain transformer encoder models. However, unlike MLM, which was a token-level
pretraining task, NSP is a sentence-level objective. Indeed, during the training, the
model sees pairs of sentences and has to predict whether the second sentence logically
follows the first in the original text, as shown in Figure 2.5.

However, although this task has been initially used by several models such as BERT
(Devlin et al., 2019), ALBERT (Lan et al., 2020), and DistilBERT (Sanh et al., 2019),
NSP fallen out of favor in more recent models. Indeed, RoBERTa (Liu et al., 2019)
showed that NSP was not making a significant contribution to the training.

Token Detection Pretraining

Token Detection (TD) was introduced by ELECTRA (Clark et al., 2020), which is an
architecture composed of a discriminator and a smaller generator network. First, the
generator is trained with MLM and finds suitable replacements for the masked tokens, as
in BERT. Then, those candidates are inserted in the original sentence, and the resulting
sequence is fed to the discriminator, which classifies whether a token is original or not.
TD has the advantage of computing the loss on the whole discriminator output and
having a minimal memory footprint. However, the whole system is inefficient because
of the presence of the generator, which is still MLM-based.
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Token Detection (ELECTRA) Example

Original: The cat sits on the mat.

Generator (MLM): The cat [MASK] on the mat.
↓ Replace masked token
The cat stands on the mat.

Discriminator (TD): The cat stands on the mat .
↓ Classify each token
The [O] [R] [O] [O] [O]
(Where "O" means "original"
and "R" means "replaced")

Figure 2.6: Illustration of the Token Detection task in ELECTRA

2.3.2 Pre-training datasets

This section presents some of the datasets and corpora used to pretrain transformer
models. These datasets are usually extensive unlabeled collections of data commonly
used together with unsupervised pretraining objectives described in Section 2.3.1.

Wikipedia

This dataset is a collection of textual data extracted from Wikipedia, an online ency-
clopedia1, covering a wide range of topics such as science, history, geography, arts, and
more. Specifically, this dataset, often referred to as the complete dump of Wikipedia
articles, is a widely used resource for pretraining language models. Thanks to its nature
as an encyclopedia, the data are structured and well-structured, containing paragraphs,
explanations, citations, and references, which are comprehensive sources of valuable in-
formation for language modeling tasks. Indeed, it allows these models to learn rich
representations of natural language through unsupervised learning.

BookCorpus

The BookCorpus dataset is a relatively small collection of textual data (when compared
with other pretraining corpora) created by Google Research to provide a diverse and
extensive source of textual information for Machine Learning purposes. The books
included in the dataset were published between 2007 and 2020 and have been released
under an open-source license. This dataset has been used to train language models such
as BERT (Devlin et al., 2019). We report the statistics of this dataset in Table 3.1.

1https://www.wikipedia.org/
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Dataset # Documents # Words Size
Wikipedia 4,184,712 1,610,571,882 9.9GB
BookCorpus 17,868 1,149,401,064 6.2GB
Open-Web-Text 8,013,769 6,401,507,179 38.8GB
CC-News 149,954,415 62,676,498,100 385.4GB

Table 2.1: Pretraining Dataset Statistics for Wikipedia, BookCorpus, Open-Web-Text
and CC-News

OpenWebText

OpenWebText is a large-scale dataset made up of public texts collected from various
online sources, including Wikipedia. It aims to display a broad spectrum of language
patterns, writing styles, and topics, offering more variety than datasets that only include
Wikipedia. This dataset consists of content from public web pages, blogs, forums, and
news articles. OpenAI developed the script for collecting this data, but it has not been
released publicly. This dataset is highly beneficial for pretraining language models
because it provides diverse content. By incorporating information from various parts
of the internet, OpenWebText helps language models understand different contexts and
writing styles, which is crucial for mastering natural language. We report the statistics
of this dataset in Table 3.1.

CC-News

CC-News is a large corpora provided by the Common Crawl Foundation. It focuses
on news articles gathered from the web and seeks to offer a wide-ranging collection of
news articles covering many topics, languages, and sources. In fact, this vast data set
includes content from various news sites, touching on topics such as politics, sports,
technology, and entertainment. We report the statistics of this dataset in Table 3.1.

2.3.3 Existing Pretrained Models

In the last few years, the Natural Language Processing field has seen rapid improvements
in terms of public recognition and advancement. One of the significant things that
allowed this fast evolution is the development of the transformer architecture and its
easy application to existing problems. Indeed, as we mentioned in Section 2.3, the
transformer architecture exhibited exceptional performance across a wide range of NLP
tasks, being able to outperform also human baselines. In addition, due to its pretraining
capability, the architecture described in Vaswani et al. (2017) can be easily modified
and trained in different ways on different tasks with different data, and with in sizes. In
literature, we refer to these models as "pretrained models" (PM). Each PM represents
a distinct approach to pretraining and architecture, contributing to the rich landscape
of transformer-based NLP models and advancing state-of-the-art across various tasks.
In this Section, we briefly describe the principal models discussed in this Thesis.
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BERT (Bidirectional Encoder Representations from Transformers)

BERT (Devlin et al., 2019) is one of the first and most famous pretrained models, and
when it was released, it was a breakthrough model setting the bar in many different
NLP tasks. Differently from the other pretrained transformers already published at the
time, BERT was trained in a particular way to have a bidirectional understanding of
the input sequences. In detail, BERT is an only-encoder architecture trained using a
multitask learning solution based on the Masked Language Modeling (Section 2.3.1)
and the Next Sentence Prediction (Section 2.3.1) tasks. Indeed, it introduced a new
language representation model designed to pre-train deep bidirectional representations
from the unlabeled text by joint conditioning on both the left and right context in all
layers. BERT was trained on large corpora such as the English Wikipedia (Sec. 2.3.2)
and the Book Corpus (Sec. 2.3.2). At the time, it achieved state-of-the-art results
on various natural language processing tasks with minimal task-specific architecture
modifications. For instance, fine-tuning BERT with just one additional output layer
can produce high-performance models for tasks like question answering and language
inference. BERT’s simplicity and effectiveness are evident in its performance on multiple
benchmarks.

ELECTRA

ELECTRA (Clark et al., 2020) is a model that adopts the Generative Adversarial Net-
work (GAN) paradigm, comprising a generator and a discriminator. Unlike traditional
masked language modeling (MLM) pretraining methods such as BERT or RoBERTa,
which corrupt input by replacing tokens with [MASK] and reconstructing them, ELEC-
TRA proposes a more sample-efficient pretraining task called replaced token detection.
In this approach, the input is corrupted by replacing some tokens with plausible alter-
natives sampled from a small generator network. Subsequently, instead of training a
model to predict the original identities of the corrupted tokens, ELECTRA trains a dis-
criminative model to distinguish whether each token in the corrupted input was replaced
by a generator sample or not. Thorough experiments demonstrate the efficiency of this
new pretraining task compared to MLM, as it operates over all input tokens rather than
just the tiny subset that was masked out. Consequently, the contextual representations
learned by ELECTRA substantially outperform those learned by BERT, even with sim-
ilar model sizes, datasets, and computational resources. Particularly noteworthy is its
performance with smaller models; for instance, a model trained on a single GPU for
4 days outperforms GPT (trained with significantly more computing) on the GLUE
natural language understanding benchmark. Furthermore, ELECTRA demonstrates
strong performance at scale, comparable to RoBERTa and XLNet, while utilizing less
than 1/4 of their computational resources. ELECTRA outperforms both RoBERTa
and XLNet in scenarios with the same computational resources.
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GPT (Generative Pretrained Transformer)

GPT (Radford et al., 2019; Radford and Narasimhan, 2018; Brown et al., 2020): GPT
is an autoregressive language model trained using the Closed Loop Memory (CLM)
task. It operates by predicting the next token in a sequence based on the preceding
tokens, enabling it to generate coherent text. GPT’s significance extends beyond its
autoregressive capabilities. By leveraging vast amounts of text data, such as the Web-
Text dataset comprising millions of web pages, GPT demonstrates the ability to learn
natural language processing tasks without explicit supervision. Conditioned on a doc-
ument and questions, GPT-generated answers achieve an F1 score of 55 on the CoQA
dataset, surpassing three out of four baseline systems without utilizing the 127,000+
training examples. The model’s capacity plays a pivotal role in zero-shot task transfer,
with performance improving logarithmically across tasks as capacity increases. No-
tably, GPT-2, the largest model with 1.5 billion parameters, achieves state-of-the-art
results on seven out of eight language modeling datasets in a zero-shot setting, albeit
still underfitting WebText. Sample outputs from the model reflect these advancements,
displaying coherent text paragraphs and suggesting a promising avenue for developing
language processing systems that learn tasks from naturally occurring demonstrations.
Furthermore, recent advancements highlight the efficacy of pre-training large language
models on extensive text corpora followed by fine-tuning on specific tasks. While this
approach remains task-agnostic in architecture, it necessitates task-specific fine-tuning
datasets comprising thousands or tens of thousands of examples. In contrast, humans
can adeptly perform new language tasks with minimal examples or simple instruc-
tions, which is a challenge for current NLP systems. Scaling up language models, ex-
emplified by GPT-3 with 175 billion parameters, significantly enhances task-agnostic,
few-shot performance, sometimes even rivaling prior state-of-the-art fine-tuning ap-
proaches. GPT-3 achieves impressive results across numerous NLP datasets, including
translation, question answering, cloze tasks, and tasks requiring on-the-fly reasoning
or domain adaptation, such as unscrambling words or performing arithmetic. How-
ever, GPT-3 still encounters challenges in some few-shot learning scenarios and faces
methodological issues related to training on large web corpora. Moreover, it generates
indistinguishable news article samples from those written by humans, raising important
societal considerations regarding its broader impact.

T5 (Text-to-Text Transfer Transformer)

T5 (Raffel et al., 2020b) stands as an encoder-decoder transformer model that em-
ploys a text-to-text approach for pretraining on diverse tasks. Its versatility allows
fine-tuning for summarization, text classification, machine translation, and question-
answering tasks. Transfer learning has emerged as a cornerstone technique in natural
language processing (NLP), where models are initially pre-trained on data-rich tasks be-
fore fine-tuning on downstream tasks. This approach’s efficacy has led to a proliferation
of methodologies and practices in the field. In their paper, Raffel et al. explore the land-
scape of transfer learning techniques for NLP by introducing a unified framework that
translates all text-based language problems into a text-to-text format. Their system-
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atic study compares pretraining objectives, architectures, unlabeled datasets, transfer
approaches, and other factors across dozens of language understanding tasks. By amal-
gamating insights gleaned from their exploration with scale and leveraging their new
"Colossal Clean Crawled Corpus," the authors achieve state-of-the-art results on nu-
merous benchmarks, spanning summarization, question answering, text classification,
and beyond. To foster future research in transfer learning for NLP, they generously
release their dataset, pre-trained models, and accompanying code.

Large Language Models

Large language models are considered the most recent breakthrough in the fields of
natural language processing and artificial intelligence over the last few years. Such
models are neural networks trained with massive text data, understanding and gener-
ating human-like text related to a wide variety of tasks. Rapid improvement has been
made for LLMs in this field, and several models have contributed to a big jump in state-
of-the-art fields. These genius LLMs have changed the face of AI research by giving
much more natural, capable language interactions. They have found applications in
everything from content creation and generation of code to question answering and lan-
guage translation. Given continued research, we can foresee considerable performance,
efficiency, and applicability improvements in various domains. The fast technological
advancement driven by LLMs raises important questions about their impact on soci-
ety, ethical usage, and the need for responsible development and deployment of these
powerful tools. Some examples of Large Language Models are Mistral, LLaMA, and
GPT-3.

Mistral: The Mistral model (Jiang et al., 2023), the flagship model of Mistral AI, was
also highly discussed within the LLM community due to its excellent architecture that
ensured excellent performance considering its relatively small size. Mistral showed that
many innovations in the design of models could realize impressive capabilities without
an enormous count of parameters.

LLaMA: Another very influential work in this respect is Meta’s large language model,
LLaMA (Touvron et al., 2023). LLaMA has shown that small models can be as good
as very large ones if trained efficiently on diverse, high-quality data. This might entail
huge implications for just how accessible and deployable LLMs really are.

GPT-3: The family that has probably had the most influence is that of the GPT,
or Generative Pre-trained Transformer, from OpenAI. When the GPT-3 (Brown et al.,
2020) model increased its capacity to 175 billion parameters, it made an enormous leap
in LLM capacity, allowing few-shot learning with remarkable capabilities and versatility
across many language tasks. Its successor, GPT-4, further increased performance and
added multimodal capabilities for processing both text and images.
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2.4 Question Answering

Question Answering (QA) is the task of automatically answering questions posed in
natural language. A typical QA pipeline consists of multiple modules that handle two
primary functions: (i) the retrieval of data containing relevant information and (ii)
the extraction or generation of the correct answer span that is provided to the user.
QA systems deal with many challenges, including how to organize data for retrieval,
parse unstructured text, handle and clarify questions, and find the correct answers
from documents. For the retrieval phase, data can be set up in different ways, like
ontologies, graphs, or simple lists. Ontologies and graphs make it easier to access
important information quickly but take time to build and keep up. Meanwhile, lists of
documents are more straightforward to put together and update but store data in an
unstructured format, making it harder to search through efficiently.

This Thesis primarily focuses on the question-answering field and, more specifically,
on open-domain question Answering (ODQA). ODQA is a branch of QA where ques-
tions are not restricted to a single domain but can potentially cover all the possible
domains covered by human knowledge. This task presents unique challenges as the
system does not know the domain of the question beforehand. For example, a typical
ODQA system could be a QA pipeline that, given a question, searches for the possible
answer or relevant documents online and then uses complex machine learning models
to extract or generate the final answer.

2.4.1 Question Answering Pipeline

In literature and in the real world, there are multiple approaches and pipelines to solve
question-answering tasks. Generally, choosing the best approach for a given problem is a
complex task. For example, specific applications have to deal with efficiency constraints
but without particular constraints on the output naturalness. In contrast, others must
guarantee accurate and natural answers at the expense of the computational effort. In
this Thesis, we focus on a specific question-answering pipeline (shown in Figure 2.7),
which consists of three main components: (i) a document retrieval component, (ii) a
ranker, and (iii) a Generative/Extractive Model for QA.

Document Retrieval: The first step in a question-answering pipeline is retrieving
documents. The most common techniques leveraged to reach this goal are generally
information retrieval (IR) approaches. Indeed, given an input query, these method-
ologies allow to find relevant documents containing information related to the input
query and often rely on search algorithms to (i) scan extensive collections of data, (ii)
build efficient indexes, and (iii) employ sophisticated lexical and semantic similarity
approaches. Intuitively, the principal role of the retrieval systems is to reduce the vast
amount of available data to a smaller and more manageable set of data that is most
likely to contain a correct answer for the input query (Manning et al., 2008; Robertson
and Zaragoza, 2009). In detail, the methods used in this step range from traditional
lexical IR techniques like BM25 (Robertson and Jones, 1976) and TF-IDF (Salton and
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Figure 2.7: General ODQA pipeline discussed in this Thesis

Buckley, 1988) to advanced neural network approaches such as (Karpukhin et al., 2020;
Campese et al., 2023) based on deep models like the transformer architecture.

Ranking: After the retrieval of the relevant documents, the following step process is
the passage ranking phase. At this point in the pipeline, the IR approaches used in the
retrieval step reduced the quantity of data to a small subset that could be processed by
more sophisticated and powerful (but computationally expensive) algorithms. The main
role of the ranking phase is to further reduce and clean the set of relevant documents in
order to keep only the ones that contain the context needed to provide the final answer.
To reason about the magnitude and the size of this set of documents, we can think
that in real applications of this pipeline, the retrieval system may have selected several
thousands of relevant documents: the ranker must provide to the next component of
the pipeline only a tiny part of these (generally one or two magnitudes smaller). To do
it, the ranker, which is usually a deep neural model, has to read, review, and score the
documents, trying to maximize the relevance of the input query. These scores are then
used to rank relevant documents (Nogueira and Cho, 2020; Yang et al., 2019a; Garg
et al., 2019).

Generative/Extractive Models for QA: The final step in a question-answering
(QA) pipeline involves using either Generative or Extractive Models to provide the
answer.

• Extractive Models: These models recognize and extract the exact text con-
taining the answer from the ranked passages. They perform it using specific
architectures trained to highlight the most relevant text spans (Rajpurkar et al.,
2016b). These approaches are highly effective when the answer is directly found
in the retrieved passages but can suffer several weaknesses when the answer is not
contained in single spans of text or questions requiring aggregation of concepts
from different documents. The performance of these models is simpler to evaluate
and control than the generative ones because the output is always a piece of the
input. However, the output is not always natural, and generally, they are not
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good at performing reasoning operations since they can not synthesize an answer
generating it.

• Generative Models: Unlike extractive models, given an input query, generative
models generate the final answers token by token. These models receive in input
the relevant documents retrieved and ranked from the previous steps, analyze
them, and then synthesize an answer by combining information from different
contexts. Generally, these models present more natural and complex answers
than the extractive models since they have better summarization and rephrasing
capabilities (Radford et al., 2019). In contrast to the extractive methods, the
performance of these models is more difficult to evaluate since their output is not
directly extracted from the input, and for this reason, comparing it with a gold
reference answer could be a not trivial operation to do manually. Another problem
involving these models is "hallucination," which happens when the generated
answer is wrong and not grounded but is likely to be true.

Each component of the pipeline is specialized to address specific QA tasks. In the
following sections, we will provide a detailed description of these components and tasks,
presenting baselines and existing approaches. Firstly, in Section 2.4.2, we discuss the
retrieval component, covering tasks such as semantic similarity and existing retrieval
systems. Secondly, in Section 2.4.3, we describe the ranker component and its tasks,
including Passage Ranking (PR) and Answer Sentence Selection (AS2). Finally, in
Section 2.4.4, we examine the last component of the pipeline, which may involve either
extractive or generative QA techniques.

2.4.2 Retrieval: Document Retrieval & Semantic Similarity

The first component shown in Figure 2.7 represents the retrieval system. Document
retrieval is a crucial stage of the pipeline since it involves the identification and retrieval
of a set of documents that are likely to contain information relevant to the user’s
query. In most cases, this process is conducted by Information Retrieval systems, which
are generally search algorithms that allow quick scanning of extensive text collections
(Manning et al., 2008). The IR systems take advantage of advanced indexing methods
and search techniques to find their way through documents and data sources in search
of the query terms. Document retrieval aims to reduce the available data to a minimal
number in a subset of relevant data likely to bear the answer. This step is foundational
for the subsequent components of the QA pipeline because of the kind of essential
context from which specific answers can eventually be extracted. It consists of searching
in massive corpora for documents relevant to the user’s query.

The retrieval step begins with indexing, which includes parsing the documents, look-
ing for key terms, and storing them in a structure called an index for fast searching.
Traditional retrieval systems often use methods like TF-IDF Term Frequency-Inverse
Document Frequency or BM25. These models compute the importance of terms in doc-
uments and a collection to rank order documents by significance. All these techniques
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are oriented to token-level matches and statistical properties of text; hence, they are
very good at finding documents that contain query terms.

Token Similarity Task: This task of token similarity focuses on the individual words
or tokens in the query and documents. The notion is to compute how much the to-
kens in the query are close to those in the documents. Conventional methodologies
could be applied by matching keywords, but most of these conventional methods lack
when considering language variations. More sophisticated approaches apply measures
of token-based similarity, including cosine similarity, Jaccard similarity, or edit distance,
to capture variations and misspellings. These methods allow to find documents that,
though not matching the query terms, have very high relevance at the token level.

Recent advancements in IR have introduced dense retrieval methods, which rely
on deep learning techniques for forming dense vector representations for queries and
documents. ColBERT and DPR (Khattab and Zaharia, 2020; Karpukhin et al., 2020)
are methods that, after using a pre-trained language model for query and document
encoding into high-dimensional vectors, apply some similarity measure to find relevant
documents. This process is where semantic information is captured in such vectors and
subjected to similarity measures like cosine similarity for the identification of relevant
documents. In fact, the dense approaches are compelling at handling the subtleties
of natural language. That is, context and meaning are captured beyond simple token
matches.

Semantic Similarity Task: Semantic similarity can go beyond token similarity, for
it considers the meaning of words and expressions in a context. In this task, under-
standing is needed at a conceptual level concerning what a query is and what documents
pertain to. This involves certain specific measures making use of word embeddings, such
as Word2Vec (Mikolov et al., 2013) and GloVe (Pennington et al., 2014), and, more re-
cently, contextual embeddings like BERT and GPT, which model semantic relationships
among words (Devlin et al., 2019; Brown et al., 2020). These are embeddings of words as
high-dimensional vectors carrying semantic information, which allow the retrieval sys-
tem to identify contextually relevant documents to a query, even if they do not share
exact words. Because the semantic similarity allows the retrieval system to handle
synonyms, polysemy, and different expressions very well, it would significantly improve
the relevance of retrieved documents. It is, in particular, useful for systems such as
QUADRo (QUestion Answer Database Retrieval) (Campese et al., 2023), which tries
to semantically match the user’s query against its database of question/answer pairs
to find a proper match as efficiently as possible. This semantic similarity will help
QUADRo retrieve and rank answers contextually most appropriate, eventually improv-
ing the whole accuracy and effectiveness of the QA pipeline.
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2.4.3 Ranking: Passage Ranking & Answer Sentence Selection

Once an IR system, as described in Section 2.4.2, has retrieved a relevant set of docu-
ments, the next step of the QA pipeline described by Figure 2.7 is the Ranking phase.
This crucial step performs the analysis of the retrieved documents, identifying and
ranking the documents, or more in general, the data, most relevant to the input query
(Manning et al., 2008). Ranking systems are part of current QA pipelines that digest
the broad set of retrieved documents to be then refined into a more focused relevant
subset, significantly increasing the chance of finding the correct answer (Robertson and
Zaragoza, 2009). Such ranking systems can use traditional and modern techniques and
ensure that only the most relevant information reaches the next pipeline stage.

Passage Ranking Task (PR): The passage Ranking step is the task of assessing and
ranking the retrieved passages for their relevance to the input query. This constitutes
an important module of QA pipelines since it decides which among retrieved passages
bear information most helpful in answering the question (Nogueira and Cho, 2020).
Effective ranking techniques not only increase the precision of the QA system but
also put the most contextually appropriate and informative passages higher in the
list, thus facilitating better answer extraction in further stages (Clark and Gardner,
2018). Traditional methods like BM25 and TF-IDF laid the foundation of passage
ranking, while more recent methodologies either attain their backbone from advanced
neural network models or implement state-of-the-art transformer models with advanced
dense retrieval techniques (Karpukhin et al., 2020). These models leverage semantic
understanding at both the question and passage levels and thus make ranking more
subtle and accurate (MacAvaney et al., 2020). Essentially, cross-attention mechanisms
and other late-interaction operators have been proposed to enhance the estimation of
passage relevance such that it becomes possible for the QA system to narrow down
efficiently the most relevant information in the generation of an answer (Qu et al.,
2021).

Answer Sentence Selection (AS2) Task: The Answer Sentence Selection task is
to select the correct sentence that answers a given question and pinpoint the exact re-
sponse. Much research has been done into approaches to solving this task, each of which
applies new techniques. Traditional methods include heuristic rules or simple classifiers;
more recently, neural network-based models have been utilized, especially Transformers
like BERT. These models learn the context of the question and the candidate sentences
and adjust their accuracy accordingly by further fine-tuning with AS2-specific datasets.
Severyn and Moschitti (2016) proposed separated embeddings for questions and answers
using convolutional layers along with relational information to enrich the embeddings.
Later Tayyar Madabushi et al. (2018) integrated deep learning with Question Classi-
fication, thereby improving the performance of AS2. Garg et al. (2019) implemented
transformer-based models using intermediate fine-tuning for domain adaptation with
ASNQ derived from Natural Questions (Kwiatkowski et al., 2019). Information ex-
tracted for context aids AS2 models (Tan et al., 2018), with hierarchical neural net-
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works integrating context-dependent representations (Lauriola and Moschitti, 2021a).
Vu and Moschitti (2021b) handled multilingual challenges in AS2 by translating the
English data of the AS2 task and further proposed multilingual ranking models. Gupta
et al. (2023) tackled low-resource languages using cross-lingual knowledge distillation
(CLKD). The performance was improved without labeled data in target languages. Ma-
chine translation quality should be taken into consideration for further improvements
since that is of prime importance to the most effective multilingual solutions for AS2
tasks.

2.4.4 Getting an Answer: Machine Reading & Generative QA

After the Document Retrieval phase, where the Retrieval System retrieves relevant
documents for the question, and the Ranking phase cleans and ranks the retrieval
set, the final component of the pipeline is responsible for extracting or generating the
final answer to the given question. Traditionally, this involves an extraction model
that processes the query and the documents containing potential answers to extract a
concise response. However, in recent years, thanks to the capability of large language
models, the extractive paradigm has been shifting towards the generative one.

Machine Reading (MR) Task: After the Document Retrieval phase retrieves the
relevant documents, the last task in the question-answering pipeline is Machine Reading.
It primarily seeks to extract information from the retrieved passages that are nuanced
and contextually relevant, leading to a response directly answering the user’s question.
Extractive models are used with state-of-the-art transformer architectures like BERT
(Devlin et al., 2019). These models are carefully trained to acquire high performance in
finding and extracting specific text spans within the retrieved documents that contain
precise answers or pertinent information related to the query (Rajpurkar et al., 2016a).
The Extractive Models read through the context provided by the query and consider
the surrounding text in a retrieved document. These kinds of models can efficiently cap-
ture and highlight precisely the most relevant and informative text segments because
of their use of pre-trained embeddings and the attention mechanisms (Bahdanau et al.,
2014a). Machine Reading does something beyond simple extraction; it acts as a crucial
intermediate step between the initial document retrieval and the answer generation at
the end. A task like this assures that the latter parts of the pipeline work with the most
relevant and contextually accurate content possible through complete comprehension
and extraction of key information in the retrieved passages. Extractive models have
intrinsic advantages when used in machine reading. They extract high precision by
selecting text spans directly from the documents retrieved through the model, which
guarantees that the answers are always present in the source texts. Besides this, models
demonstrate scalability by quickly processing large volumes of text and hosting variable
data sets with complex queries. Their approach also encourages this because the extrac-
tion of text spans makes it transparent to a user how the reasoning process has taken
place to trace back how an answer is derived from the original documents. However,
the Extractive Models are not free from challenges. Complex queries or ambiguous
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language could cause problems in exactly identifying the proper text spans. Moreover,
not all the answers may always be present in the documents; hence, extraction alone
can return an answer for only a subset of possible questions. This is another reason
why hybrid models form the most promising way forward in integrating extractive and
generative approaches as the field progresses toward more robust QA systems, such as
those done by (Wang et al., 2019).

Answer Generation Task: Traditional Extractive approaches to Machine Reading
have recently been complemented or superseded by generative methods. Contrary to
the selection of existing text spans that characterize the extractive methods, generative
models take as input the query and contextual documents and generate answers on
the fly (Lewis et al., 2020a; Hsu et al., 2021). One of the most important advantages
of the generative approaches over the extractive ones is that a generative model can
tackle and potentially answer questions that do not have a correct answer present in the
retrieved documents (and so generating an answer based on its parametric knowledge,
or answering questions which require inductive and reasoning steps. Indeed, generative
models can synthesize answers through source text aggregation, many of which often
make coherent responses beyond what can explicitly be found in documents, helping al-
leviate many challenges in providing contextually accurate responses. By incorporating
generative models into the answer generation task, informative and adaptable answers
could be developed that would give users a better experience of QA systems. For this
reason, much answer generation research has been done using methods such as retrieval-
augmented generation, which has been explored by studies Izacard and Grave (2021);
Lewis et al. (2020b). In addition, question-based summarization approaches have also
been looked into to enhance answer quality, among others, by Iida et al. (2019); Good-
win et al. (2020); Deng et al. (2020). Asai et al. (2022a) incorporated evidentiality from
passages into generator training for open-domain MR span-extraction tasks. Xu et al.
(2021) innovatively obtained extractive answer spans from generative models using de-
coder cross-attention patterns, while Fajcik et al. (2021) proposed a hybrid approach
combining generative and extractive readers for open-domain span-extraction. Efforts
have also explored generating complete sentences as answers, akin to those by extrac-
tive Answer Span Selection (AS2) systems. Hsu et al. (2021) introduced GenQA, where
an AS2 model selects optimal answer candidates for subsequent generation by GenQA
models. This approach enables learning to produce natural responses using top-ranked
candidates, extending to multilingual QA by Muller et al. (2022) to broaden answer
generation across languages.

2.5 Datasets

Datasets are a fundamental part of every NLP and QA application. Indeed, these
collections of data are not only necessary to train machine learning models but also to
test and benchmark them. For QA, datasets generally contain pairs of questions and
their relevant answers, sometimes with any extra context like supporting documents or
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passages. The richness and quality of these datasets have a direct impact on how well
QA models work and generalize. High-quality datasets containing diverse examples
allow the model to grasp the language very well and tackle broad content related to
questions and contexts. In this section, we will review some important datasets that
have powered advances in QA and NLP. These datasets range from answer sentence
selection to machine reading comprehension and open-domain question answering, each
with a different set of challenges and gains in insight. These datasets will be important
in understanding the following chapters. They are also fundamentally crucial to training
and assessing the models and methods described in this Thesis. We give an overview of
benchmark datasets designed to probe general language understanding and specific QA
tasks. These benchmarks use standard evaluation metrics, making it easier to compare
different models and approaches. Next, we will introduce sets of specialized datasets for
tasks like answer sentence selection, wherein the model has to select the most relevant
sentence from a list of candidates. Thereafter, we shall see datasets that are focused on
the task of machine reading comprehension, those requiring the extraction of answers
from the given passages. We will then describe datasets related to open-domain QA
tasks, entailing finding and combining information from diverse sources. Knowing these
datasets and their usage, we can realize the methods and advances that have shaped
the current state of QA and NLP. Each one of these datasets contributes to the progress
in this domain by offering valuable resources for training, testing, and improvement in
QA systems.

2.5.1 Benchmark Datasets to Evaluate Language Models

GLUE

The General Language Understanding Evaluation (Wang et al., 2018) is a comprehen-
sive benchmark suite designed to evaluate the performance of natural language under-
standing models across a range of tasks. This collection contains diverse datasets for
evaluating models on various natural language understanding tasks, including Question
Answering, Natural Language Inference, Question Pairs Detection, Entailment Recog-
nition, and Language Acceptability. By covering a spectrum of tasks, GLUE allows to
get an assessment of a model’s ability to comprehend and process natural language. In
detail, GLUE contains nine sub-tasks logically.

In this Thesis, we used the GLUE benchmark to evaluate new pretraining approaches
in Chapter 3. Indeed, the only reasonable way to understand the capabilities of new
unsupervised pretraining tasks is to test them on some fine-tuning tasks. Under these
circumstances, the GLUE evaluation suite provides some interesting and valuable tools
to evaluate these loss functions.

Table 2.2 describes the statistics of the GLUE benchmark tasks. In detail, the tasks
covered by GLUE are:

CoLA: The Corpus of Linguistic Acceptability (Warstadt et al., 2019) consists of
English acceptability judgments sourced from linguistic theory books and journal ar-
ticles. Each example is a sequence of words annotated to indicate whether it forms a
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CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE WNLI

Train 8.5k 67k 3.7k 7k 364k 393k 105k 2.5k 634
Test 1k 1.8k 1.7k 1.4k 391k 20k 5.4k 3k 146

Table 2.2: The statistics for the different tasks that compose the GLUE benchmark.
The table reports the number of examples for both the train and the test splits divided
per task.

grammatical English sentence. The evaluation metric used is the Matthews correlation
coefficient (MCC), which ranges from -1 to 1, with 0 representing the performance of
uninformed guessing. Performance is reported based on the combination of in-domain
and out-of-domain sections of the standard test set.

SST-2 : The Stanford Sentiment Treebank (Socher et al., 2013) consists of sentences
extracted from movie reviews, each annotated by humans for sentiment. The task
associated with this dataset is to predict whether a given sentence expresses a positive or
negative sentiment. This binary classification challenge focuses solely on sentence-level
sentiment labels, providing a clear and focused framework for evaluating the sentiment
analysis capabilities of various models.

MRPC: The Microsoft Research Paraphrase Corpus (Dolan and Brockett, 2005) is a
collection of sentence pairs automatically extracted from online news sources, with each
pair annotated by humans for semantic equivalence. This dataset presents a challenge
due to its imbalanced class distribution, with 68% of the pairs labeled as positive
(semantically equivalent). As a result, both accuracy and F1 score are reported to
provide a comprehensive evaluation of model performance on this paraphrase detection
task.

QQP: The Quora Question Pairs (Chen et al., 2017c) dataset comprises pairs of
questions from the community question-answering website Quora, with the task being
to determine whether the questions in each pair are semantically equivalent. Similar
to MRPC, QQP has an imbalanced class distribution, with 63% of the pairs labeled
as negative (not semantically equivalent). To address this, both accuracy and F1 score
are used as evaluation metrics, ensuring a robust assessment of model performance.

STS-B: The Semantic Textual Similarity Benchmark (Cer et al., 2017) contains sen-
tence pairs drawn from various sources, including news headlines, image captions, and
inference data. Each pair is human-annotated with a similarity score ranging from 1
to 5. The task is to predict these similarity scores, with performance evaluated using
Pearson and Spearman correlation coefficients. This benchmark challenges models to
accurately capture the degree of semantic similarity between sentences, providing a
nuanced assessment of their understanding capabilities.
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MNLI: The Multi-Genre Natural Language Inference Corpus (Williams et al., 2018)
is a comprehensive dataset consisting of sentence pairs with textual entailment anno-
tations. The task is to evaluate whether the premise entails, contradicts, or is neutral
to the hypothesis. This dataset is notable for its diversity, drawing from ten different
sources, including transcribed speech, fiction, and government reports. It includes both
matched (in-domain) and mismatched (cross-domain) sections for evaluation, allowing
models to be tested on their ability to generalize across different genres and domains.

QNLI: The Question Natural Language Inference (White et al., 2017) dataset is de-
rived from the Stanford Question Answering Dataset (SQuAD). It converts the question-
answering task into a sentence pair classification task, where the objective is to deter-
mine whether a given context sentence contains the answer to a corresponding question.
This transformation shifts the focus from finding the exact answer to evaluating the
presence of the answer within the context, thus challenging models to understand and
match the relevant information in sentences accurately.

RTE: The Recognizing Textual Entailment (RTE) dataset combines data from sev-
eral RTE challenges (Dagan et al., 2005; Bar-Haim et al., 2006; Giampiccolo et al., 2007;
Bentivogli et al., 2009), which focus on textual entailment from news and Wikipedia
texts. The task involves determining whether one sentence logically follows from an-
other, simplified into a two-class classification problem: entailment or not entailment.
This dataset provides a rich resource for training and evaluating models on their ability
to perform entailment recognition, which is crucial for many natural language under-
standing applications.

WNLI: The Winograd Schema Challenge (Levesque et al., 2012) is a reading com-
prehension task designed to resolve pronoun reference ambiguities within sentences.
This dataset constructs sentence pairs by replacing ambiguous pronouns with possible
referents, with the task being to predict if the sentence with the substituted pronoun is
entailed by the original sentence. The WNLI is specifically crafted to be challenging for
simple statistical methods, requiring a deep understanding of contextual information
to resolve ambiguities accurately.

CodeXGLUE

CodeXGLUE (Lu et al., 2021) is a benchmark dataset and open challenge platform for
code intelligence developed by Microsoft Research Asia, Developer Division, and Bing.
It includes 14 datasets for 10 code intelligence tasks, such as code completion, code-to-
code translation, and code summarization. The platform supports model evaluation and
comparison, featuring baseline models like CodeBERT and CodeGPT. CodeXGLUE
aims to advance AI-driven code understanding and generation, enhancing developer
productivity by leveraging large pre-trained models similar to those used in natural
language processing. We used this dataset to evaluate our pretraining experiments on
our disjoint training for the Transformer on code (Chapter 3).

34



Chapter 2. Background

Dataset Train Validation Test

SQuAD 87,599 10,570 -
Natural Questions 307,373 7,830 7,842
ASNQ 19,446,120 870,404 -
WikiQA 2,118 296 633
TREC-QA 1,229 65 68
MS-MARCO 808,731 101,093 6,980
WQA 87,361 1,269 2,096
AE 5,219 299 409
QuoraQP-a ? ? ?

Table 2.3: Statistics for dataset splits of Question Answering Datasets. Specifically, we
provide a number of examples for the training, validation, and test split for SQuAD,
Natural Questions, ASNQ, WikiQA, TREC-QA, MS-MARCO, WQA, and QuoraQP-a.
Notice that some datasets have never released a public testset.

2.5.2 QA datasets

In this section, we will explore the diverse Question Answering (QA) datasets that we
consider in the following chapter of this Thesis. These datasets were carefully chosen
to address a wide range of QA challenges, offering thorough benchmarks for assessing
and improving QA model performance. Each dataset brings unique perspectives due
to its varied complexity, sources, and annotation methods, providing valuable insights
into the strengths and weaknesses of modern QA systems. Table 2.3 summarizes the
statistics of the datasets considered in this section.

SQuAD

The Stanford Question Answering Dataset (SQuAD) comprises two versions designed
to evaluate and enhance machine reading comprehension. SQuAD 1.1 (Rajpurkar et al.,
2016a) features over 100,000 questions created by crowd workers based on Wikipedia
articles, with answers being specific spans within the text. This dataset focuses on the
model’s ability to locate precise answers within a paragraph. SQuAD 2.0 (Rajpurkar
et al., 2018b) builds on this by introducing more than 50,000 unanswerable questions
that resemble answerable ones, requiring models to determine the correct answers and
when no answer is present in the provided text. This addition significantly increases the
dataset’s complexity and realism, better simulating real-world scenarios where informa-
tion might be incomplete or misleading. Both datasets serve as critical benchmarks for
advancing the natural language understanding and reading comprehension capabilities
of AI systems.
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Natural Questions

Natural Questions, as outlined by (Kwiatkowski et al., 2019), is a large-scale dataset
meticulously curated by considering authentic Google queries. Each query within the
dataset is meticulously paired with a corresponding Wikipedia page and the pertinent
passage containing the answer. Notably, this dataset primarily comprises questions that
can be answered by a single passage, aligning with our predefined criteria for question
complexity. Despite this characteristic, studying the Natural Questions dataset offers
valuable insights into the limitations of the retrieval systems employed by the pipeline,
as well as the inherent correlations between what constitutes complexity for human
users versus question-answering systems. By analyzing this dataset, researchers gain
a deeper understanding of the nuanced interplay between human comprehension and
machine-based question answering, paving the way for improved system performance
and robustness.

ASNQ

ASNQ (Answer-Sentence Natural Questions) is a meticulously curated dataset tailored
for the task of Answer Sentence Selection (AS2) (Garg et al., 2019). Derived from
the acclaimed Natural Questions (NQ) corpus (Kwiatkowski et al., 2019), originally
intended for Machine Reading, ASNQ serves as a specialized resource for evaluating
models on the nuanced task of selecting pertinent sentences that directly address natural
language queries. Comprising thousands of questions sourced from the Google search
engine, along with candidate sentences extracted from the top-ranked Wikipedia pages,
ASNQ offers a rich and diverse pool of data for training and assessing models’ ability
to discern relevant information from a vast corpus of textual sources. Further details
of the dataset are presented in Table 2.3.

WikiQA

WikiQA is a compact yet valuable dataset designed for Answer Sentence Selection,
constructed from inquiries submitted to the Microsoft Bing search engine (Yang et al.,
2015). Each query in the dataset has been meticulously paired with candidate answers
sourced from Wikipedia articles labeled as either relevant or irrelevant. While training
is conducted on the entire training split, validation and testing are carried out in a
meticulously controlled environment termed "clean," wherein questions with exclusively
positive or negative candidates are filtered out. This meticulous curation ensures a
rigorous evaluation of the models’ ability to discern pertinent information, free from the
influence of imbalanced data instances. Further elucidation on the dataset is available
in Table 2.3.

TREC-QA

TREC-QA stands as another prominent benchmark extensively utilized for the task
of Answer Sentence Selection (Wang et al., 2007). Constructed from the TREC-8 to
TREC-13 tracks of Question Answering, this dataset offers a diverse array of queries and
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corresponding answers, meticulously curated to facilitate comprehensive evaluations of
model performance. Similar to the approach outlined in (Garg et al., 2019), our training
regimen leverages the expansive train-all split, optimizing for model robustness and
adaptability. However, during the validation and testing phases, we exclusively consider
questions featuring positive and negative answer instances, ensuring that the model can
effectively identify important information even in complex situations. Notably, train-all
encompasses a broader spectrum of data, including instances with noise and questions
lacking positive answers. However, its larger size affords a more robust foundation
for model fine-tuning. This standard practice of training on train-all and evaluating
curated clean data exemplifies the prevailing setting within the TREC-QA framework.
For additional insights, refer to Table 2.3.

MS-MARCO

MS-MARCO is a widely recognized machine reading dataset initially introduced by
(Nguyen et al., 2016). The training split of MS-MARCO comprises approximately
800,000 unique user queries sourced from the Bing search engine, each accompanied
by around 10 passages retrieved as potential answers. The dataset, available as MS-
MARCO v2.1, offers a substantial resource for training and evaluating models in various
natural language understanding tasks.

WQA

WQA Web Question Answers (WQA) is a publicly available dataset meticulously intro-
duced and defined in (Zhang et al., 2021). This dataset is a treasure trove comprising
149,513 questions, each meticulously paired with approximately 15 answer candidates.
The questions and their corresponding answer candidates are sourced from a vast, large-
scale web index, ensuring a diverse and comprehensive coverage of real-world queries
and responses. What sets WQA apart is its meticulous curation process, with each
question-answer pair meticulously annotated for answer correctness by a team of pro-
fessional annotators. This meticulous annotation process ensures the high quality and
reliability of the dataset, making it an invaluable resource for training and evaluating
models across various natural language understanding tasks.

Answer Equivalence (AE)

Answer Equivalence (AE) is a meticulously curated question-answering dataset intro-
duced by Bulian et al. (2022). Each sample within this dataset comprises a question,
a candidate answer (typically short answers), and a positive reference, meticulously
chosen to circumvent exact matches between the candidate answer and the reference
(known as an exact match or EM). This deliberate selection process ensures the dataset’s
richness and complexity, fostering the development and evaluation of models capable
of discerning semantic equivalence between candidate answers and positive references
beyond surface-level matching. AE is a valuable resource for advancing research in
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question-answering systems, particularly in scenarios where understanding the nuanced
semantic equivalence between responses is crucial.

QuoraQP-a

QuoraQP-a, introduced by (Wang et al., 2020b), is a question-answering dataset metic-
ulously crafted by pairing existing questions from the Quora Question Pairs (QQP)
dataset with their corresponding original answers. Leveraging the wealth of question
pairs available in QQP, QuoraQP-a offers a valuable resource for training and evalu-
ating question-answering models in a real-world context. By providing a diverse ar-
ray of question-answer pairs sourced from the Quora platform, QuoraQP-a enables
researchers to develop and assess models’ ability to comprehend and respond to natural
language inquiries, driving advancements in question-answering and natural language
understanding.

2.5.3 Industrial QA Datasets

In the realm of industrial natural language processing, particularly within the context of
virtual assistants and personal assistant technologies, the development and evaluation
of question-answering (QA) models hinge on the availability and utilization of extensive
and diverse datasets. This section introduces three significant industrial QA datasets
that play a crucial role in advancing this field: AQAD-U, AQAD-L, and IQAD. These
datasets, sourced from commercial virtual assistant platforms, offer a wealth of real-
world user queries and candidate answers, providing a robust foundation for training,
fine-tuning, and evaluating QA models.

AQAD-U

AQAD-U (Gabburo et al., 2022) is a substantial internal industrial question-answering
dataset comprising non-representative de-identified user questions sourced from the
Alexa virtual assistant platform. This unlabeled Alexa QA Dataset (AQAD-U) is char-
acterized by its vast scale, containing approximately 50 million questions. For each
question, the dataset includes around 400 answer candidates retrieved from a large-
scale web index, encompassing over 100 million web documents. This comprehensive
dataset serves as valuable transfer learning data for experiments conducted in the indus-
trial setting, offering a rich and diverse source of real-world user queries and candidate
answers. Leveraging AQAD-U facilitates developing and evaluating question-answering
models in realistic scenarios, driving advancements in industrial natural language pro-
cessing and virtual assistant technologies.

AQAD-L

AQAD-L (Gabburo et al., 2022) represents the labeled counterpart of the industrial
dataset AQAD-U. In addition to the non-representative de-identified user questions
and the associated answer candidates retrieved from a large-scale web index, AQAD-L
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includes human annotations indicating the correctness or incorrectness of each answer
candidate. This labeled version of the dataset offers a curated set of approximately
5,000 questions, meticulously annotated with ground truth labels, serving as valuable
evaluation data for experiments conducted in the industrial setting. Results obtained
on AQAD-L are typically presented relative to baseline AS2 model performance, as the
dataset is internal and tailored to specific industrial requirements. Leveraging AQAD-L
enables rigorous evaluation of question-answering models in real-world scenarios, con-
tributing to the continual refinement and improvement of industrial natural language
processing systems.

IQAD

IQAD (Gabburo et al., 2023b) is a substantial Industrial QA Dataset comprising non-
representative de-identified user questions sourced from a commercial personal assistant
platform. This internal dataset, as detailed by (Garg and Moschitti, 2021; Di Liello
et al., 2022c), encompasses approximately 10,000 questions, with each question ac-
companied by around 200 answer candidates retrieved from a large-scale web index
containing over 100 million web documents. Each question in IQAD is associated with
approximately 15 answer candidates, each annotated by humans to denote correctness
or incorrectness. To comply with company policies, results obtained on IQAD are
typically presented relative to a baseline model. Leveraging IQAD enables rigorous
evaluation and benchmarking of question-answering models in industrial settings, con-
tributing to industrial natural language processing advancements and personal assistant
technologies.

2.5.4 Complex QA datasets

Recently, with the general improvement of the question-answering methodologies, cur-
rent pipelines are able to correctly answer the majority of the questions. To push the
boundaries of these approaches further, several researchers have proposed QA datasets
containing complex questions in the last few years. Indeed, these datasets are char-
acterized by questions that necessitate reasoning processes, often beyond the reach of
traditional QA pipelines. These questions are often used as benchmarks for developing
and evaluating models that can handle the complexities of real-world queries involv-
ing multiple steps of reasoning, cross-referencing various sources of information, and
interpreting implicit contextual clues. In this section, we present several complex QA
datasets that will be utilized in the following chapters of this Thesis. Table 2.4 reports
the main statistics of these complex QA datasets.

ComplexWebQuestions

ComplexWebQuestions (CWQ), introduced by (Talmor and Berant, 2018), stands as a
pivotal dataset tailored for addressing intricate questions necessitating reasoning over
multiple web snippets. The dataset comprises 34686 examples, partitioned into 27368,
3518, and 3530 instances for the train, development, and test splits, respectively. Each
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Dataset Train Validation Test

CWQ 27,639 3,518 3,531
HotPotQA 90,447 7,405 7,405
StrategyQA 2,290 229 490
MuSiQue 25,000 3,000 3,000

Table 2.4: Statistics for dataset splits of Complex Question Answering Datasets. Specif-
ically, we provide a number of examples for the train, validation, and test split for CWQ,
HotPotQA, StrategyQA, and MuSiQue.

example within the dataset consists of a question, an answer, and a SPARQL query
meticulously crafted to retrieve the relevant web snippets necessary for constructing the
context. ComplexWebQuestions is an invaluable resource for advancing research in nat-
ural language understanding and complex question-answering systems by encapsulating
the complexities inherent in multi-faceted questions requiring cross-snippet reasoning.

HOTPOTQA

HOTPOTQA, introduced by (Yang et al., 2018b), stands as a comprehensive QA
dataset meticulously designed to encompass complex questions that necessitate reason-
ing and additional context for accurate answers. To facilitate answering each question,
the dataset includes diverse paragraphs that could serve as possible contexts. By pro-
viding this multi-faceted approach to question answering, HOTPOTQA facilitates the
evaluation and development of models capable of understanding and reasoning over
intricate queries, thereby advancing research in natural language understanding and
complex question-answering systems.

StrategyQA

StrategyQA, as introduced by (Geva et al., 2021), represents a pioneering question-
answering benchmark meticulously crafted to address open-domain queries where the
underlying reasoning steps are implicit and need to be inferred through a discernible
strategy. Comprising 2,780 examples, each instance within StrategyQA encapsulates
a strategy question alongside its decomposition and supporting evidence paragraphs.
Notably, the "train" split emerges as the primary utility source within the dataset,
as it provides both the decompositions and the factual evidence necessary for training
robust and effective question-answering models. By focusing on questions that demand
strategic reasoning and implicit inference, StrategyQA offers a unique and challeng-
ing testbed for evaluating the capabilities of natural language understanding systems,
driving advancements in complex question answering.

MuSiQue

MuSiQue, introduced by (Trivedi et al., 2022), represents a unique question-answering
dataset created through a bottom-up approach, amalgamating multi-hop questions with
single-hop questions from various datasets. Unlike previous methodologies, MuSiQue
adopts a meticulous process to ensure the naturalness and coherence of the decomposed
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questions, resulting in a more seamless integration of the components. By leveraging
this approach, MuSiQue provides a rich and diverse set of questions that challenge mod-
els to perform both single-hop and multi-hop reasoning, thereby fostering advancements
in the field of question answering and natural language understanding.
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Understanding Language Models

In recent years, language models have become important tools used by millions of hu-
mans on a daily basis. Indeed, under the hood of applications such as ChatGPT,
Amazon Alexa, Apple Siri, and many other products, there are mechanisms involving
this technology. As we mentioned in Chapter 2, in the last decade, the Natural Pro-
cessing Field exploded, becoming one of the most funded research areas in computer
science. In this chapter, and in the scope of this Thesis, we explore transformer ar-
chitecture deeply, focusing on their training techniques. Specifically, we perform this
analysis by organizing the chapter into three parts and proposing different case studies.
Each case study considered in this chapter is based on research projects done during
my PhD program.

In the first part (Section 3.1, we provide a comprehensive overview of the transformer
architecture, discussing how it can be used to solve various tasks across different do-
mains. Specifically, we implemented a transformer architecture from scratch, retrieved
the data, and designed the pretraining and fine-tuning objectives to solve tasks related
to the code domain. For each of these parts, we will analyze the critical aspects, provid-
ing insights and highlighting the versatility of the transformer architecture compared to
older architectures (e.g., RNNs). In addition, in this part, we demonstrate that these
language models can be applied not only to traditional language tasks but also to novel
domains such as code generation and analysis. We performed this research in 2019. At
that time, the pretrained language models were not as common as they are today, and
when we wrote the first draft of this paper (we tried to publish at IJCAI 2020), there
were no significant approaches or research papers using the transformer architecture for
the code domain.

In the second part (Section 3.2), we explore in depth the pretraining of transformer
encoders (Sec. 2.2.1). In detail, we analyze existing pretraining objectives (e.g., Mask-
ing Language Modeling), analyzing their tradeoff between efficiency and performance.
After this analysis, we propose new pretraining methods with a special focus on effi-
ciency without compromising model performance. In addition, we perform an extensive
analysis of these approaches, evaluating them on existing downstream tasks and bench-
marks. This case study is based on research at the beginning of my PhD program. It
has resulted in a published paper at EMNLP 2022 (Di Liello et al., 2022a).
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In the third part (Section 3.3), we explore the fine-tuning of transformer models
within the context of the question-answering domain. In particular, with this section,
we show the adaptability of transformer models in facing complex, real-world problems
and the increasingly important domain of multilingual NLP. Specifically, we present
the Answer Sentence Selection (AS2) task, proposing innovative methods to enhance
its performance in a multilingual setting. Leveraging state-of-the-art approaches in
machine translation, we demonstrate how to adapt and improve QA systems to handle
multiple languages effectively in two ways: (i) the automatic translation of existing
datasets and (ii) a loss manipulation technique that can be used to reduce the biases
associated with automatic translation. Like the previous case studies, this work is
partially based on a research paper (Gabburo et al., 2024a).

3.1 Case study 1: The Transformer Architecture and
the Code Domain

In this case study, we explore the transformative impact of the Transformer architecture
on solving downstream tasks, mainly focusing on the automatic completion of program-
ming code. We detail the stages of model development, starting from data collection,
progressing through pretraining and finetuning, and culminating in the final evaluation
on downstream tasks.

This case study is inspired by research we conducted in 2019, which aimed to pio-
neer state-of-the-art approaches for code completion using Transformer architectures.
At the time, our proposed methodology was novel; no published work had employed
Transformers for automatic code completion, with existing baselines relying primarily
on Long Short-Term Memory (LSTM) networks and decision trees. However, despite its
innovative nature, the paper was ultimately unpublished, and its relevance diminished
following the release of the IntelliCode paper by Microsoft in 2020 (Svyatkovskiy et al.,
2020), which introduced a similar approach. This setback highlights the rapid pace of
advancement in the field and underscores the need for continuous innovation.

3.1.1 The Evolution of Code Completion and Transformer Ap-
plications in IDEs

Integrated Development Environments (IDEs) are essential tools for modern program-
ming, significantly enhancing developer productivity and efficiency. Among their most
valuable features is code completion, which helps programmers by predicting and auto-
completing code as they write. Over the years, researchers have explored various
methodologies to improve this capability (Svyatkovskiy et al., 2020; Li et al., 2018;
Wang et al., 2021a).

Before the advent of Transformer architectures, code completion systems predomi-
nantly relied on Recurrent Neural Networks (RNNs) and probabilistic models (Raychev
et al., 2016; Hellendoorn and Devanbu, 2017). These methods treated source code sim-
ilarly to natural language. However, they struggled to capture long-term dependencies
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between instructions due to the limitations of RNNs, such as the vanishing gradient
problem (Bengio et al., 1994). In programming, this issue is particularly pronounced;
for example, a variable declared at the start of a Python file may not be used until
many lines later, requiring models to maintain context over extended sequences.

Transformer architectures have addressed these shortcomings by leveraging atten-
tion mechanisms to capture global dependencies across sequences. This has revolu-
tionized tasks involving source code. For instance, Kim et al. (2020) employed a
Transformer-based model for next-token prediction, while Svyatkovskiy et al. (2020)
implemented GPT-based models for IntelliCode in Visual Studio Code. Additionally,
CodeT5 (Wang et al., 2021b) introduced an encoder-decoder model pretrained on pro-
gramming languages, offering versatility across multiple languages. Despite their effec-
tiveness, these models are computationally expensive, raising concerns about resource
consumption and environmental impact (Strubell et al., 2019).

3.1.2 Our Approach: Efficient and Versatile Transformer-Based
Code Models

Building on these advancements, our study proposes a cost-effective and versatile train-
ing pipeline for Transformer-based language models tailored to programming languages.
This approach is designed to overcome challenges such as high training costs and the
need for task adaptability. Specifically, we introduce a two-stage training process:

• Pretraining : The model is pretrained on programming languages in two distinct
settings:

– Mono-language: Models are trained on separate languages independently.
– Multilanguage : The model is simultaneously trained on multiple program-

ming languages. This setting leverages the shared constructs and syntax
across languages, enhancing generalization and performance.

• Finetuning : Pretrained models are specialized for specific tasks, such as next-
token prediction or line completion, using transfer learning.

Our pipeline demonstrates that relatively small architectures can generalize effec-
tively across multiple programming languages, benefiting from shared structures and
constructs. This is in contrast to large-scale models like GPT-3 (Brown et al., 2020),
which require significantly more resources to achieve similar results. Our results reveal
two key findings:

• Efficiency and Performance: Our two-stage pretraining approach performs
comparably to existing models, such as GPTCode (Svyatkovskiy et al., 2020),
while requiring fewer computational resources.

• Cross-Language Generalization: By capturing commonalities across program-
ming languages, our multilanguage models outperform monolingual systems in
challenging inference tasks.
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This case study underscores the potential of Transformer architectures in program-
ming tasks. Beyond code completion, the methods and findings presented here establish
a foundation for broader applications in programming language processing. They also
provide a framework for resource-efficient model development, addressing critical con-
cerns about scalability and environmental sustainability.

3.1.3 Tasks

The primary goal of this work is to develop a model capable of auto-completing pro-
gramming code. When given a partially written file represented as a list of tokens,
the model suggests a sequence of tokens to continue the input. Below, we explain in
detail the three specific tasks targeted in this section: next-token prediction, next-word
prediction, and line completion.

Next Token Prediction (NTP): In the next-token prediction task, the model is
given a sequence of tokens:

S = {t0, t1, . . . , tn}, (3.1)

where n is the current length of the input sequence. The model’s goal is to predict the
next token tn+1 that should follow this sequence. This task is fundamental as it forms
the basis for predicting larger structures.

Next Word Prediction (NWP): Building on the next-token prediction, the next-
word prediction task involves predicting the next word as a sequence of tokens. Given
the same sequence S, the model predicts the next word Wk:

Wk = {tn+1, tn+2, . . . , tm}, (3.2)

where the sequence ends when a new word starts or when the maximum input length
N is reached. This task helps the model understand and generate meaningful code
segments.

Line Completion (LC): The line completion task is more complex. Given the
sequence S and a set of separator tokens Q (such as punctuation marks or line breaks),
the model predicts the continuation of the current line:

L = {tn+1, tn+2, . . . , tm}, (3.3)

where the sequence stops when a separator token tm ∈ Q is encountered or the maximum
length N is reached. This task is crucial for completing statements and ensuring the
syntactical correctness of the code.

By focusing on these tasks, our model can progressively learn from predicting in-
dividual tokens to completing entire lines of code. We designed these tasks in order
to have the latter built on top of the previous one, allowing the model to develop a
nuanced understanding of programming syntax and structure. Next-token prediction
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forms the base, next-word prediction adds context and meaning, and line completion
ensures the code’s structural and syntactical integrity. These tasks together enable
the model to provide accurate and contextually appropriate code completions, thereby
assisting developers in writing code more efficiently.

3.1.4 Datasets for code

To train and evaluate our models, we retrieved and processed many code reposito-
ries from GitHub, which are composed of programs written in five different languages:
Python, C, C++, Java, and JavaScript. From this collection, we sampled files to build
two disjoint sets consisting of (i) six different large datasets devoted to pretraining (Sec-
tion 3.1.4), and (ii) several smaller datasets to be pre-processed and used for fine-tuning
and evaluation (Section 3.1.4). In particular, we sampled the training, validation, and
test sets. We built the dataset, preserving the order of the input files (so that contiguous
lines are part of the same original project).

Pretraining Corpora Each dataset is composed of a collection of different docu-
ments with the same programming language in common. We prepared each document
by (i) applying tokenization, and (ii) replacing formatting tokens (e.g., tabs, multi-
ple spaces, carriage return) and comments with unique tokens (e.g., DCTAB, DCLN,
DCCOM ). Then, we removed all the tokenized documents that (i) contain syntactic
errors and (ii) segments that do not contain symbols of the language (for example,
documentation files). Finally, we produced a multilanguage corpus joining the different
mono-language corpora.

Evaluation Corpora To analyze the behavior and the performance of the models,
we produced different evaluation corpora divided by tasks and languages. For each
task, we prepared a finetuning dataset and a testset. Every example of these datasets
is a pair (Sx, Sy), where Sx is left-context to be used as input for the model, while Sy

is the expected sequence generated by the model.
To have a fine-grained understanding of the model’s ability to generate new grammar

constructs, we identified three sub-tasks for Next-Word Prediction:

• Next Keyword Prediction (NKP): Sy is a reserved keyword of the language
(for example "if" or "while").

• Next Name Prediction (NNP): Sy is a name defined by the user (for example
variable names).

• Next Operator Prediction (NOP): Sy is always a single token representing
an operator (for example, "+").

With these sub-tasks, we can have a clear perspective on how our model behaves when
it has to predict reserved language keywords (KW and OP) or new words introduced
by the user (NAME). For the Line-Completion task, Sy is a sequence of variable size
terminated by a line delimiter.
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Vocabulary The creation of the vocabulary is a critical aspect as the model must
address the vocabulary word problem (OOV) (Goldberg, 2017). Specifically, since the
Transformer vocabulary contains only a limited number of words, we use a vocabulary
composed of words and sub-words (Sennrich et al., 2016b). Thus, OOV words are de-
composed into a list of tokens that are part of our vocabulary. This approach increases
the learning step’s complexity since the input’s granularity is higher than using a stan-
dard vocabulary not explicitly built for the code domain (e.g., vocabularies for natural
language) (Luong et al., 2015b).

We merge two different vocabularies: the first is small and contains all the keywords
of the specific programming language, the reserved tokens used by the model, and the
special tokens inserted during the dataset pre-processing (Hellendoorn and Devanbu,
2017). The second contains the list of the sub-token strings that we obtained by (i)
scraping source code repositories from GitHub and (ii) applying the unsupervised ap-
proach described in Kudo (2018), to build the minimal vocabulary that covers all the
possible words of our input files. Since the vocabulary size linearly depends on the
model’s memory during the training and inference phases, a good practice is to (i) keep
it as small as possible and (ii) cover all input items from our target domain. Following
this principle, we generated a vocabulary of 30k tokens.

To optimize the vocabulary for a multilanguage setting, we decided to merge the
keyword dictionaries of the different languages. This is because many constructs are
shared among different languages (e.g., "if" and "while").

3.1.5 Baseline Models

In this section, we describe the main baseline model, which we used to compare against
our disjoint models.

LSTM

Long Short-Term Memory (LSTM) networks are a type of recurrent neural network
(RNN) capable of learning long-term dependencies (Hochreiter and Schmidhuber, 1997a).
They are particularly effective for sequential data, making them suitable for tasks like
language modeling (Sundermeyer et al., 2012) and code completion (Hindle et al., 2012).
LSTMs consist of cells keeping an internal state over time, with gates that control the
flow of information (Gers et al., 2000). This architecture helps LSTMs overcome the
vanishing gradient problem, which is common in traditional RNNs (Bengio et al., 1994).
In the context of code completion, LSTM models can capture the syntax and struc-
ture of programming languages, providing predictions based on the sequence of tokens
(Allamanis and Sutton, 2013).

GPT-2

Generative Pre-trained Transformer 2 (GPT-2) (Radford et al., 2019) is a large-scale
transformer model that builds on the architecture introduced in GPT (Radford and
Narasimhan, 2018) and discussed in Section 2.2.1. Indeed, different from models like
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Figure 3.1: CLM Decoder architecture

BERT (Devlin et al., 2019), which uses the encoder part of the transformer, GPT-2
uses the decoder and is trained with a Causal Language Model (CLM) objective. This
means it predicts the next token in a sequence, given the previous tokens, making it well-
suited for autoregressive tasks such as text generation and code completion. GPT-2 was
pre-trained on a vast corpus of natural language text, enabling it to generate coherent
and contextually relevant text. When applied to the code domain, GPT-2’s ability to
understand and predict sequences can be leveraged to suggest code completions.

CodeGPT

CodeGPT (Svyatkovskiy et al., 2020) is an adaptation of the GPT architecture specifi-
cally tailored for code completion tasks. This model incorporates several modifications
in order to better handle the unique characteristics of source code. In particular, their
approach differs from the original GPT in two key points: First, they generated a new
vocabulary using BPE (Sennrich et al., 2016a), and second, they pre-process their code-
dataset, replacing comments and strings with special tokens. Additionally, they limited
self-attention to enable autoregressive training from left to right.

3.1.6 Our Disjoint Encoder-Decoder Model

Our model is composed of two different transformer models in an encoder-decoder fash-
ion. We consider these two models as separate entities, pre-training them separately
on different tasks on the same dataset. The separate training of the two blocks of a
sequence-to-sequence model was also studied by Rothe et al. (2020). After the separate
pretraining, we join these two models into a single encoder-decoder architecture. Then,
this joint architecture can be fine-tuned on specific tasks (see Sec. 3.1.7). Our training
paradigm shows three advantages: First, the two models can be trained using different
settings and early stopping criteria, optimizing the internal representations of the final
model. Second, the bidirectional understanding of the input during the encoder pre-
training improves the quality of the encoder. Third, since the two blocks are trained
separately during the pretraining and then combined, we use less memory. This is very
important as it also enables training on smaller machines (see embedded systems).
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Encoder: Our encoder block (Fig. 3.2) is a standard Transformer encoder trained on
two different tasks, which are (i) an adjusted version of the Masked Language Modeling
(MLM) for programming languages, and (ii) Language Prediction (LP). Our MLM is
different from (Svyatkovskiy et al., 2020), where strings and comments in the dataset
are replaced with special tokens and masked as atomic constructs during training. Our
MLM also differs from the original BERT (Devlin et al., 2019) and RoBERTa (Liu
et al., 2019) approaches in two key aspects. First, our MLM uses Whole Word Masking
(WWM), which consists of masking entire words and not separate tokens. This has
been shown to improve the final model significantly. Second, and more importantly, we
keep the string literals or comments in the input, but we do not allow MLM to mask
and then predict them. We only enable MLM on their starting and ending tokens.
This variation has a deep impact on the entire learning process since (i) the model,
differently from (Svyatkovskiy et al., 2020), is used to see strings and comments values
directly during the pretraining reducing the presence of special tokens, and (ii) these
values can improve the semantic understanding of the model. This way, the latter can
be easily finetuned on different tasks related to programming language, just using a
few data (an example can be the code2comment task presented in (Miceli Barone and
Sennrich, 2017)). The second task, LP, is useful when used in our multilanguage setting.
Indeed, we added a second classification head to our model, which is used to predict
the language of the current example. The resulting loss is computed as a summation
of the losses originating from these two different tasks.

Decoder: The internal architecture and the learning task of the decoder block are
the same as CodeGPT. The only difference is due to the self-attention component,
which is substituted with cross-attention. The difference between these two blocks
justifies our decision to combine them. Indeed, the encoder’s role is to build a robust
bidirectional representation of the input, while the decoder trained on CLM is only
delegated to generate the output from left to right, starting from the knowledge of the
input processed by the encoder. Differently from (Kim et al., 2020), we do not extract
the positional information from the AST, but we use relative positional embeddings
based on the CST (Concrete Syntax Tree). This choice is motivated firstly because a
transformer model learns an optimal representation of the syntax after seeing a large
number of examples. Secondly, in a multilanguage setting, extracting the AST from
segments of programs is not always possible or practical since it requires a grammar
parser. We did some preliminary experiments in this direction using a mono-language
dataset without obtaining better results than our current approach, but we obtained
faster convergence. We left a better exploration of these topics for future research. We
designed the structure of our network to have two blocks of different sizes (number
of parameters). We empirically derived that there is no increase in the model’s final
performance, using the same number of parameters for both blocks. For this reason,
we decided to build a smaller model scaling the number of decoder layers to 1

4
Le, where

Le is the number of layers used for the encoder.
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Figure 3.2: MLM Encoder architecture

3.1.7 Experiments

We logically divided the experiments into two separate settings: the first set of ex-
periments verified two hypotheses: (i) the complexity of a language can impact the
final training performance, and (ii) multilanguage models benefit from sharing common
semantic structures from different languages. We prove these hypotheses by training
different versions of our model. Specifically, we trained our disjoint architecture six
times: five mono-language models (Python, C, C++, Java, and Javascript) and a mul-
tilanguage model considering the same number of training epochs. Then, we evaluate
and compare the resulting pretrained models’ with the Perplexity defined below.

Definition 1 Perplexity(D) = 2
1
N

∑D
∀x∈D logbq(x), where D is the input sequence, and

N is the number of labels.

We carried out a second set of experiments on larger models using the multilanguage
pretraining set. The latter is used to produce a robust model ready for finetuning models
on the NWP and LC tasks. We compare our model with a CodeGPT, measuring the
performance on the completion of tasks using the Perplexity (Def. 1), which is a well-
known metric used to measure the performance of a language model and the normalized
Levenshtein Similarity (Def. 2), which is a metric used to measure how far a generated
string is from the expected one in terms of substitutions, additions and deletions of
characters.

Definition 2 Normalized Levenshtein Similarity: The Levenshtein similarity (LS)
is defined as:

LS =
N − LD(S1, S2)

N
, (3.4)

where S1 and S2 are the two input sentences, N is the length of the longest of the two
sequences S1 and S2, and LD is the Levenshtein Distance.

Pre-training

The pretraining part involves the encoder and the decoder blocks of Section 3.1.6.
Specifically, we used the training techniques described in section 3.1.6. We trained the
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Language # Train examples # Train instances
Python 9.6e+6 3.8e+4
C 9.2e+6 3.6e+4
C++ 9.1e+6 3.6e+4
Javascript 9.4e+6 3.6e+4
Java 9.2e+6 3.6e+4
Multilanguage 4.3e+7 1.7e+5

Table 3.1: Pretraining sets for different languages

two disjointed models with the same datasets (described in Sec. 3.1.4) and for the same
number of steps. In particular, we used a batch size of 256 with a starting learning rate
of 1e-04 using Adam and a linear warmup of 10k steps, and then a weight decay of 0.01.

To fairly compare the MLM and CLM objectives, we considered the same archi-
tecture, which is a transformer composed of 12 layers, 768 of hidden size, 12 attention
heads, and 3072 for the internal size (the same settings of the original BERT (Devlin
et al., 2019)). During the pretraining, we trained our models for 1M steps with a se-
quence length of 128 and then for other 100k steps using a sequence length of 512. We
selected the best checkpoints, minimizing the loss on the development set.

Datasets We used six different datasets to pre-train the transformer models: five
languages (Python, C, C++, Java, and Javascript) and one multilanguage (all the lan-
guages together). To build these datasets, we follow the pre-processing steps described
in Sec. 3.1.4.

Results The pretraining results summarized in Table 3.2 show that there is an evident
difference in performance between MLM and CLM. We also note that mono-language
models have different accuracy levels. Indeed, high-level languages such as Python, JS,
and Java perform better than more verbose languages such as C and C++. We believe
that the verbosity of the language itself can cause this disparity. The multilanguage
approach shows that training with a congruous number of steps can improve the mono-
language models in terms of Perplexity.

Regarding the comparison between mono-language and multilanguage models, we
note that the latter reaches better performance with both MLM and CLM pretrain-
ing objectives. This shows that the quality of the internal model representation can
effectively benefit from shared constructs and structures of different languages.

Next Token Prediction

For the Next Token Prediction task (NTP), we compare our models with existing models
trained on the same datasets. For this comparison, we consider three different baselines:
(i) an LSTM model that works on token level (using a BPE vocabulary), (ii) a GPT-2
pretrained on natural language and then finetuned on programming languages, and (iii)
CodeGPT. For the latter, we considered the 12-layer version (124M parameters), which
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Language MLM (PPL) CLM (PPL)

Python 1.21 2.26
C 1.26 3.02

C++ 1.26 3.14
Java 1.18 2.10
JS 1.22 2.28

Multi 1.02 1.91

Table 3.2: The perplexities of the trained models using different datasets and the
same amount of training steps. These results describe the complexity of the different
languages and compare the multilanguage and monolanguage settings.

Number of tokens
Split Py150 JavaCorpus

Train 72.1M 15.7M
Dev 4.4M 3.8M
Test 37.3M 5.3M

Table 3.3: Dataset statistics for Py150 and JavaCorpus

was distilled from a larger teacher (366M parameters). The results from these three
models were computed using the code from the CodeXGlue framework (Lu et al., 2021).
We trained our seq2seq disjoint model using a batch size of 64, and a learning rate of
1e− 05 for 5 epochs. We compared our results with existing and benchmarked models,
i.e., LSTM and CodeGPT (Svyatkovskiy et al., 2020).

Datasets We considered two existing and well-known datasets for code-completion
tasks: Py150 (Bielik et al., 2016) and JavaCorpus (Allamanis and Sutton, 2013), de-
scribed in Tab. 3.3.

Results Table 3.4 reports the accuracy of the different models for the NTP task.
The results confirm that the transformer models have improved significantly over pre-
vious RNN-based models. In particular, our disjoint seq2seq model is comparable with
CodeGPT on the two considered datasets and better than GPT2 pretrained on natural
language and then finetuned on programming languages. The fact that CodeGPT was
distilled using a teacher of 366M parameters should be stressed. This cannot be done
with scarce resources. In contrast, our model requires a memory of only 109M param-
eters and 1.1M steps of pretraining, using a machine of only 166M param. for refining
the entire encoder-decoder architecture.
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Accuracy (%)
Model Py150 JavaCorpus

LSTM + BPE 61.94 58.92
GPT-2 (124M) 75.90 75.40

CodeGPT (124M) 76.58 76.79
Disjoint Model (M) (166M) 76.82 75.94

Table 3.4: Results on NTP finetuning task on two public datasets (javaCorpus and
py150). The CodeGPT model was distilled from a larger model (366M parameters).

Number of words
Split py C C++ Java JS

Train 59.1M 59.8M 63.3M 53.6M 59.1M
Dev 7.3M 7.6M 7.0M 6.5M 7.9M
Test 7.4M 7.7M 7.0M 6.5M 8.0M

Table 3.5: Dataset statistics for our finetuning corpora

Next Word Prediction

We finetuned the two models (the baseline and our disjoint seq2seq model) on the NWP
corpora. In particular, we started from an existing checkpoint for the two versions of
GPTCode (one for Python and one for Java) and from our best-pretrained model (see
Table 3.2) for our disjoint model. Specifically, regarding the considered parameters,
we used a batch size of 32 and 1e − 05 as the starting learning rate using Adam as
Optimizer, and for 5 epochs, all the models. In this case (and differently from the LC
task of Sec. 3.1.7), the models are trained to generate the next word. We divided the
task into three different subtasks to understand and gain a fine-grained perspective on
how the models learn the different programming languages’ constructs. In particular,
these subtasks are (i) keyword prediction (KW), (ii) operator prediction (OP), and (iii)
the prediction of a name defined by the user (NAME). We used a decoding beam search
of 5.

Datasets The datasets used for finetuning and evaluating the models are described in
Sec. 3.1.4. We prepared a dataset for each task on every language, separating finetuning,
dev. and test sets with a ratio of 80%-10%-10%, for a total of 100k training examples and
12.5k examples for both validation and test examples for each sub-task. We summarize
these datasets in Table 3.5.

Results The results in terms of the Edit Similarity (Def. 2) for NWP are sum-
marized in Table 3.6 and presented by sub-tasks. We note that our disjoint model
shows comparable performance to the two versions of CodeGPT, both for Python and
Java. However, our model shows to be easily adapted to different programming lan-
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Edit Similarity (%)
Model Language KW OP NAME

CodeGPT (py) Python 77.2 72.2 49.3
CodeGPT (java) Java 77.9 73.1 45.1

Disjoint Model (M)

Python 77.4 73.1 47.5
C 74.7 65.8 39.2

C++ 73.1 69.2 37.4
Java 75.9 73.1 44.1
JS 77.4 71.0 40.1

Table 3.6: Results of the Next Word Prediction finetuning task divided in three sub-
tasks (KW, OP, NAME) on our multilanguage-evaluation dataset.

guages without incurring to an evident drop in performance: we only need to perform
an "easy" finetuning step. For example, analyzing the class of the keywords (KW)
for GPTCode-py and our disjoint model, we observe a slight improvement in terms
of Edit Similarity, i.e., 77.4 vs. 77.2. Another finding is related to the reduced dif-
ference in performance for the different languages. Indeed, we notice that thanks to
the pretraining on different languages, the model acquired a strong capacity for han-
dling different languages, reinforcing the preliminary analysis on the perplexities done
in Section 3.1.7. Furthermore, these results show how the model behaves on different
language constructs, and they verify the hypothesis that large language models quickly
learn the syntax of programming languages.

Line Completion

Similarly to Sec. 3.1.7, we finetuned the baseline and our disjoint seq2seq model on the
LC finetuning. This task is directly comparable with the task solved in (Svyatkovskiy
et al., 2020). Indeed as explained in Section 3.1.3, in this task, the model is finetuned
to predict a line until a terminal token is found (for example, a semicolon in C). For
this task, we consider both the evaluation corpora described in the previous sections.

The setup for this experiment on the two models (CodeGPT and our model) is
slightly different from the NWP setup (Sec. 3.1.7). We trained the models for 5 epochs
on the entire finetuning dataset, with a learning rate of 5e− 5 and 64 as the batch size
on a single A100.

Datasets For this task, we considered two different corpora: the two well-known
datasets (Py150 and JavaCorpus) and our evaluation dataset described in sections 3.1.7
and 3.1.7.

Results The results on Py150 and JavaCorpus, described in Table 3.7, show that
the joint seq2seq model obtains accuracy consistently better than the LSTM baseline,
demonstrating the superiority of the transformer models over RNN-base models. In

55



3.1. Case study 1: The Transformer Architecture and the Code Domain

Edit similarity (%)
Model Py150 JavaCorpus

LSTM + BPE 61.94 58.92
GPT-2 (124M) 70.60 60.36
CodeGPT (124M) 71.23 61.81
Disjoint Model (M) (166M) 71.26 61.02

Table 3.7: Results for the Line Completion task on two public datasets (javaCorpus
and py150).

Edit Similarity (%)
Model py Java

CodeGPT (py) 70.2 –
CodeGPT (java) – 64.5
Disjoint Model (M) 70.8 63.3

Table 3.8: Results for the Line Completion task on our evaluation corpora against two
monolanguage versions of CodeGPT (Python and Java). The models marked with a
M are trained on our multilanguage dataset.

addition, we have achieved considerable improvement on the GPT -2 model, which is
pretrained on natural language. This last result is interesting because it confirms the
hypothesis that a dedicated vocabulary and code-domain pretraining help the model
reach better accuracy. Lastly, we notice that our model is on par with CodeGPT (71.26
vs 71.23 on Python and 61.02 vs 61.81 on Java).

The results on 3.8 show a similar trend. Interestingly, our multilanguage model
(Disjoint Model M) can match the performance of two existing transformer models
trained in a monolanguage setting (CodeGPT). This confirms the hypothesis that some
programming languages are more challenging to learn than others, even with the same
experimental setting.

Results on Memory Usage

As mentioned in the previous sections, one of the main advantages of our disjoint
training is the usage of the smallest amount of memory during the training. To show
this point, we considered different models and measured the space used by each of them
during inference and training. Specifically, we analyzed (i) the only decoder baseline
and (ii) our disjoint encoder-decoder, taking into consideration different configurations
of parameters. For each model, we monitored the VRAM usage, and we reported the
maximum consumption in Table 3.9.

As expected, our model uses less memory during training than the only-decoder
baseline (based on the gpt2 architecture), allowing bigger models to be trained on less
powerful, non-specialized machines. In particular, we note that our largest model shows
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Memory
Model #Parameters Inference Training

gpt2 base 124M 1.32GB 3.49GB
gpt2 medium 354M 2.16GB 7.04GB
gpt2 large 774M 4.44GB 14.14GB
gpt2 xl 1.56B 10.05GB 26.32GB

Our base 166M 1.44GB 3.06GB
Our medium 516M 3.15GB 6.74GB
Our large 1.16B 6.63GB 13.87GB
Our xl 2.35B 15.08GB 26.07GB

Table 3.9: Memory usage on models of different sizes, considering a batch size of 1
and the most expensive time both during inference and training. Our models use less
memory during the training while still having more parameters (e.g., 2.35B vs 1.56B
for the xl model)

a significantly higher number of parameters than the most significant baseline (1.56B
vs 2.35B) but uses a comparable amount of memory (26.07GB vs 26.32GB).

Final discussion

In this study, we provided a comprehensive overview of the transformer architecture, dis-
cussing its application across diverse tasks and domains. Indeed, starting from scratch,
we covered all the necessary steps to cover all the aspects of training a transformer
model, from the data collection to the final training on a downstream task. Specif-
ically, we examined (i) methods for training transformer-based sequence-to-sequence
(seq2seq) models for programming code autocompletion tasks and (ii) the impact of
cross-language pretraining on relatively small architectures. We developed datasets for
pretraining, finetuning, and testing our models. Additionally, we compared our models
against other transformer-based models from previous work on two well-known datasets
for code completions. Our results indicate that our disjointed seq2seq models perform
similarly to the original CodeGPT model, offering enhanced flexibility due to their mul-
tilingual pretraining setting. These models require less memory for pretraining since
our encoder and decoder are trained separately before being combined. The encoder is
trained using Masked Language Modeling (MLM), which does not require a decoding
strategy, thereby reducing computational power for each step. This training paradigm
enables the training of larger architectures on non-specialized and cost-effective hard-
ware, utilizing less memory. Moreover, we demonstrated that it is feasible to train
cross-lingual models on relatively small architectures, which benefit from shared syn-
tax and constructs across different languages. The comparative analysis of different
languages revealed varying degrees of learning difficulty, with Python achieving signifi-
cantly better performance during pretraining and finetuning tasks. At the same time,
models showed the lowest performance with C++. We hypothesize that the verbosity
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of the language may contribute to this performance disparity. Our cross-lingual models
exhibit notable modularity. They require a single training session across all languages,
which can then be applied to multiple programming languages for various tasks.

3.2 Case study 2: Efficient pretraining techniques for
transformer models

3.2.1 Efficient Pretraining for Transformer Encoders

In this second case study, we investigate pretraining strategies for Transformer-based
encoders, with a focus on reducing their time and resource consumption while maintain-
ing competitive accuracy. The objective is to enhance the efficiency of pretraining, a
crucial step in developing scalable and accessible NLP models. This exploration delves
into the broader field of unsupervised training objectives, which represents one of the
main pillars of this Thesis.

This case study is based on our paper, "Effective Pretraining Objectives for Transformer-
based Autoencoders", published at EMNLP 2022 (Di Liello et al., 2022a). Through this
work, we propose novel alternatives to existing pretraining methodologies, aiming to
strike an optimal balance between efficiency and performance. Our contributions ad-
vance the understanding of how unsupervised objectives impact the cost-effectiveness
and accuracy of pretrained models.

3.2.2 Reducing Pretraining Costs in Transformer-based Models

Transformer-based models (Vaswani et al., 2017) have demonstrated exceptional ca-
pabilities in numerous NLP tasks but require substantial computational resources for
pretraining (Strubell et al., 2019; Brown et al., 2020). This has motivated extensive
research into reducing pretraining costs (Lan et al., 2020; Sanh et al., 2019; Turc et al.,
2019). For example, ELECTRA introduced a novel approach by training BERT as a
discriminator instead of a generator, replacing the Masked Language Modeling (MLM)
objective (Devlin et al., 2019) with Token Detection (TD) (Clark et al., 2020). While
this method improved efficiency, it required pretraining a secondary generator, increas-
ing computational cost and complexity.

To address these limitations, we propose two new pretraining methods: Random
Token Substitution (RTS) and Cluster-based Random Token Substitution (C-RTS).
These approaches aim to balance the trade-off between efficiency and accuracy more
effectively than existing alternatives.

Proposed Approaches RTS and C-RTS offer efficient alternatives to ELECTRA’s
generator by introducing simplified token substitution strategies:

• RTS: This method involves detecting tokens randomly replaced with others, re-
sulting in a low-cost pretraining objective. RTS significantly reduces computa-
tional overhead by employing a lightweight binary classification head.
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• C-RTS: A more challenging variation of RTS, this method utilizes predictions
from previous iterations to select more informative token replacements. While
slightly more expensive than RTS, C-RTS achieves better performance on complex
tasks when trained for extended durations.

Both RTS and C-RTS achieve efficiency gains of 20%–45% by employing smaller
classification heads compared to MLM. Despite their efficiency, these methods maintain
comparable accuracy to MLM across various tasks, demonstrating their suitability for
resource-constrained environments.

Additional Contributions We also introduce Swapped Language Modeling (SLM),
a variant of BERT’s MLM objective that eliminates the need for the MASK token,
addressing the pretraining and fine-tuning mismatch highlighted by Clark et al. (2020).
While SLM incurs higher costs than RTS and C-RTS, it consistently outperforms
MLM under the same computational budget, making it a viable alternative for high-
performance applications.

Empirical Validation To evaluate these approaches, we pretrain standard BERT
models using RTS, C-RTS, and SLM and compare them against state-of-the-art ar-
chitectures. Our analysis spans multiple natural language understanding benchmarks,
including GLUE, ASNQ, WikiQA, and TREC-QA. We report metrics such as accuracy,
efficiency, and computational cost, highlighting the trade-offs inherent in each approach.
Additionally, we examine the impact of our objectives on smaller architectures (e.g.,
BERT-small), demonstrating their broader applicability.

Key Results

• RTS and C-RTS reduce computational cost while maintaining accuracy compa-
rable to MLM. C-RTS shows superior performance with extended training, lever-
aging more challenging substitutions.

• SLM addresses the pretraining-fine-tuning discrepancy and achieves higher accu-
racy than MLM across most tasks, given an equivalent budget.

• Our methods provide significant efficiency gains (20%–45%) and are particu-
larly impactful on smaller-scale architectures, broadening their applicability to
resource-constrained settings.

By proposing and empirically validating these methods, we contribute to the devel-
opment of efficient pretraining strategies that reduce the computational barriers asso-
ciated with Transformer-based models while maintaining state-of-the-art performance.

3.2.3 Effective Pre-training Objectives

This section presents our alternative pre-training objectives, which can potentially be
applied to a wide range of Transformer-based models. We focus on efficient techniques
to replace expensive solutions like ELECTRA’s generator or MLM.
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Figure 3.3: Architectures for MLM, RTS, and SLM (left to right). Notice that the
classification head used by RTS is significantly smaller than those used by MLM and
SLM.

Random Token Substitution (RTS) Like ELECTRA, RTS trains a model that
discriminates between original and substituted tokens. The main difference is that RTS
replaces 15% of the tokens with random alternatives, thus avoiding using computa-
tional resources to train a separate and expensive network. Besides, unlike MLM, this
approach relies on a smaller classification head that is not proportional to the vocab-
ulary size, see Figure 3.3. Indeed, to pretrain a transformer model with MLM, the
model needs a large a large classification head. Since, its dimension is proportional
to the vocabulary size, and (especially for small models) this constitutes a significant
fraction of the entire architecture parameters. For example, in the base architectures,
the MLM head constitutes about 20% of the model parameters while for small models,
the fraction increases to 30%1. The memory footprint of the LM head while training is
about 47% for base and 64% for small models2.

Aggregated probabilities of token misclassification (C-RTS) The random se-
lection applied by RTS may provide too many easy cases to perform effective pre-
training. Thus, our idea is to use a token probability distribution, inversely propor-
tional to the classification simplicity. More formally, let (w0, w1, . . . , wn) be an input
sequence of tokens. A transformer model m predicts y = {0, 1}n, where yi = 0 indicates
wi is original, and yi = 1 that wi was replaced with some w′

i (wi → w′
i). We aim at

maximising P (yi = 0 | wi → w′
i), since we want to create substitutions wi → w′

i that
are difficult to be detected by m.

P (yi = 0 | wi → w′
i) can be estimated by counting the number of failures/successes

in detecting wi → w′
i in previous iterations. While ELECTRA exploits the whole

input context to create challenging replacements, our algorithm uses only the prediction
history over single tokens. Storing a counter for every pair or token would generate a
vast and sparse matrix given the average transformer’s vocabulary size. For this reason,

1Very often the language modelling head parameters are shared with the embedding layer
2Gradients have to be computed for every token in the vocabulary because of the final softmax

layer
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we partition tokens into n clusters by measuring the L2 norm between the relative
embedding vectors. We train the word embeddings with a word2vec model (Mikolov
et al., 2013) on the same data used for pre-training; First, token embeddings have been
obtained by training a word2vec (Mikolov et al., 2013) model over the same data used
in pre-training. We also tried to use embeddings from an already pre-trained BERT
model, but we saw no significant difference in TD accuracy. Therefore, we decided to
use word2vec to provide a complete pre-training pipeline and not rely on an already pre-
trained checkpoint. We used a context of 2 words on either side of the target tokens and
an embedding size of 300. The training algorithm written took less than 10 minutes on
the same GPU used for pre-training. Thus this process is not significant concerning the
whole pre-training time. We perform clustering of tokens using the K-means algorithm
(Lloyd, 1982). We used the CPU implementation of K-means provided by the scikit-
learn library, doing 20 random starts. The clustering took approximately 12 minutes on
the Intel Xeon Platinum 8275CL in our machine. After that, we use K-Means (Lloyd,
1982) to group the tokens into the clusters C1, . . . , Cn.

We use a matrix F ∈ Zn×n, initialized with zeros, to count the difference between
the failures and successes of the discriminator. While training, for each pair of tokens
(wi ∈ Ca, w

′
i ∈ Cb) such that wi → w′

i, we decrease Fa,b by 1 if yi = 0, otherwise we
increment it by 1.

To maximise P (yi = 0 | wi → w′
i) in our approach, we select the pairs (wi, w

′
i)

with the highest mistake probability estimated with F . We compute the probability of
selecting wi ∈ Ca and replacing it with w′

i ∈ Cb as follows:

P (wi ∈ Ca → w′
i ∈ Cb) = P (wi) P (w′

i|Cb) P (Cb|Ca) (3.5)

where we set (i) the probability of selecting a token in the input sequence P (wi) to
15%; (ii) P (w′

i|Cb) equal to 1
|Cb|

because it is computed assuming uniform probability
of choosing w′

i in Cb; and (iii) we set P (Cb|Ca) as the probability of detecting tokens
from cluster Ca when replaced with tokens from Cb. The latter is computed from F
as follows: given the candidate token wi ∈ Ca, we define a multinomial distribution
over the target clusters by indexing the a-th row of F . To transform the counts in
Fa into values interpretable as probabilities, we first apply the min-max normalization
and then a γ-softmax. γ controls how the probability mass is concentrated or relaxed
around the most probable cluster. For our token substitutions, we sample Cb from this
multinomial distribution.

We searched for the best n among a reasonable set {30, 100, 300, 1000} and the best
γ in {1, 2, 5, 10}. After preliminary experiments, we found that the best combination
is n = 100, γ = 2.

Swapped Language Modeling (SLM) is similar to BERT’s MLM, but in this case,
tokens are only randomly replaced with others and never with the special MASK. Then,
unlike RTS, the model is trained to predict the original value and not discriminate
between fakes and originals. SLM uses the same pre-training head as MLM; thus, it is
computationally equivalent to it.
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3.2.4 Experimental Setting

In these experiments, we compare the cost and accuracy of our models with the state-of-
the-art methods on GLUE and several AS2 benchmarks. Finally, we summarize results
derived from previous work. Then, we provide a description of the training set as well
as our pre-training and fine-tuning experiments and results.

To perform these experiments, we applied every objective to the same BERT (Devlin
et al., 2019) architecture to make a fair comparison. Furthermore, since pre-training
time is not proportional to the number of parameters but to the number of compu-
tations, we also measure the floating point operations required to do pre-training, as
in (Clark et al., 2020). FLOPS indicates the number of mathematical operations per-
formed on the underlying hardware and are independent of the used accelerator (CPU,
GPU or TPU) and the model size.

In detail, we considered two models in two different magnitudes of a number of
parameters that we will call base and small models. In detail:

Base models: The Base architecture is the same as BERTBase, featuring a vocabulary
with 30,522 WordPiece tokens, a hidden size of 768, an intermediate size of 3072, 512
positional embeddings, 12 attention heads, and 12 layers.

Small models: The Small architecture we use is similar to ELECTRASmall (Clark
et al., 2020), which previous experiments have shown to outperform BERTSmall (Turc
et al., 2019). ELECTRA highlighted that reducing the Transformer’s width (hidden
size) is more effective than reducing its height (number of layers). Our Small archi-
tecture employs a vocabulary of 30,522 WordPiece tokens, a hidden size of 256, an
intermediate size of 1024, 512 positional embeddings, 12 attention layers, and 4 atten-
tion heads.

To test our techniques, we applied the training objectives to the same BERT (Devlin
et al., 2019) architecture. To make a fair comparison, we group the experiments accord-
ing to the number of parameters of the architecture. Furthermore, since pre-training
time is not proportional to the number of parameters but to the number of compu-
tations, we also measure the floating point operations required to do pre-training, as
in (Clark et al., 2020). FLOPS indicates the number of mathematical operations per-
formed on the underlying hardware and are independent of the used accelerator (CPU,
GPU or TPU) and the model size.

Pretraining

We pre-trained a model for every alternative objective in the same setting as BERT-
base (Devlin et al., 2019) to perform a fair comparison. More precisely, we pre-trained
models on the English Wikipedia and the BookCorpus dataset for 900K steps with a
maximum sequence length of 128 tokens and another 100K steps at 512 with an uncased
vocabulary. This saves much pre-training time because the computational complexity
of the attention is quadratic in the sequence length. We use Adam and a triangular
learning rate for optimization with a peak value of 10−4 and 10K warm-up steps. We
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use a batch size of 256 examples. In detail, we pre-trained on the cleaned versions of the
BookCorpus and the English Wikipedia. For the optimization of both the small and
the base models, we use Adam with a learning rate equal to 10−4, ϵ = 10−8, β1 = 0.9
and β2 = 0.999. The learning rate scheduler is designed to warm up for 10K steps
and then decrease linearly. We use a batch size of 256 examples for the base models
and 1024 for the smalls. Finally, we apply a constant weight decay rate of 0.01, and
the dropout probability is set to 0.1. Since ELECTRA models require more FLOPS
because of the generator, we reduce the number of steps proportionally to the presence
of the additional generator, as in (Clark et al., 2020). Thus, we pre-trained ELECTRA
for a total of 766K steps, of which 689K with a maximum sequence length of 128 tokens
and the remaining 77K at 512.

For the smaller models, we pre-trained 4 models using the small architecture defined
by (Clark et al., 2020) and MLM, SLM, RTS and C-RTS as objectives. We pre-train
small models with the same data and hyper-parameters for the base models but using a
larger batch size of 1024 for 500K steps and always using a reduced maximum sequence
length of 128 tokens.

Finetuning

To prove the quality of our new objectives, we finetune the pretrained models trained
with our objectives presented in Section 3.2.3 (RTS, C-RTS, SLM) and the baseline
trained on MLM and TD (Section 2.3) on several benchmarks. In detail, we finetune
those models on GLUE (Wang et al., 2018), SQUAD (Rajpurkar et al., 2016a), ASNQ
(using the setting described in (Soldaini and Moschitti, 2020)) and ASNQ → WikiQA
as in (Garg et al., 2019). The arrow means that the model was transferred on ASNQ
and then fine-tuned and tested on WikiQA.

GLUE We use the same hyper-parameters used in (Liu et al., 2019). Specifically, we
used a batch size of 16 with lr = 1×10−5 for CoLA and MRPC, a batch size of 16 with
a learning rate of 2×10−5 for RTE and STS-B, and a batch size of 32 and a learning rate
of 1×10−5 for MNLI, QNLI, QQP and SST-2. We set the maximum sequence length to
128 for every task. All the GLUE experiments use a triangular learning rate scheduler
with 10% of warmup. We train models using half-precision and optimize them on the
development set. We measure Spearman and Matthews’s correlation coefficients for
STS-B and CoLA respectively, and accuracy for all the other tasks. For every model,
we take the best checkpoint on the development set and evaluate it on the GLUE
Leaderboard.

ASNQ We train our models on ASNQ using a batch size of 2048 with a learning
rate of 1× 10−5 for 12 epochs with early stopping on the development set. Since most
question-answer pairs are shorter than 128 tokens, we use this as the maximum sequence
length. We measure the performance using Mean Average Precision (MAP) and Mean
Reciprocal Rank (MRR).
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WikiQA & ASNQ → WikiQA Following the approach of TANDA (Garg et al.,
2019), we fine-tune our models directly on WikiQA and again on WikiQA but after a
transfer step on ASNQ. In particular, for each model, we run a hyperparameter search
to obtain the best results. We search for the best batch-sizes in {32, 64, 128}, the best
learning rates in {2×10−6, 5×10−6, 1×10−5, 2×10−5}, and we always use a maximum
sequence length of 128 for up to 40 epochs. We repeat each experiment 10 times with
different seeds to also report the results’ standard deviation. We evaluate the model’s
performance on the test set using MAP and MRR.

TREC-QA & ASNQ → TREC-QA For these 2 tasks, we adopted the same strat-
egy used for WikiQA and ASNQ → WikiQA. We repeat each experiment 10 times with
different seeds; in this case, we evaluate with the same metrics above.

3.2.5 Results

We first report the cost of our models in comparison with the state-of-the-art methods in
Tables 3.12 and 3.13 for base and small models, respectively. Notice also that RTS and
C-RTS use about half the GPU memory of MLM with base and 1

3
with small models.

Thus, the training time of the former’s to complete all the training steps could have
been even shorter by increasing the batch size. However, we keep a constant batch size
to make a fair comparison. After that, we carry out a comparison in terms of accuracy
on GLUE datasets as well as question-answering benchmarks. Additionally, we compare
our models with state-of-the-art results published in previous works, pointing out the
cost of training them.

Model CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B AVG Timematt. corr. acc acc acc acc acc acc spear %
BERT-B / MLM+NSP ♣ 53.0 82.7 82.8 89.6 88.2 62.8 91.2 80.6 78.9 × 1.00

BERT-B / MLM 53.7 83.6 82.6 89.9 89.1 63.1 92.3 83.6 79.7 × 1.00
BERT-B / RTS 57.3 82.6 81.3 89.3 88.9 66.2 91.7 82.2 79.9 × 0.81
BERT-B / C-RTS 57.3 82.8 81.9 89.4 88.6 60.9 91.0 82.2 79.3 × 0.82
BERT-B / SLM 57.0 83.3 83.1 89.7 88.9 65.0 92.3 83.8 80.4 × 1.00
ELECTRA-B / TD 60.6 83.6 84.1 90.2 89.0 69.1 92.4 85.5 81.8 × 1.05

Table 3.10: Results on the GLUE test set. We took the best models on the development
set and submitted them to the GLUE leaderboard. Also, in this case, we don’t do best
model selection from a pool of candidates, and we do not use ensemble models.

Base models

GLUE Table 3.10 shows that all the considered approaches, except for ELECTRA
vanilla (MLM+TD), obtain comparable performance on GLUE. In particular, despite
a small performance decrease compared with our MLM BERT, the RTS and C-RTS
models require about 20% less time to be pre-trained on the same machine. This
suggests that using a smaller classification head greatly impacts the training time. The
difference could be even broader when considering models using larger vocabularies such
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Model WikiQA TREC-QA ASNQ −→ WikiQA ASNQ −→ TREC-QA ASNQ TimeMAP MRR MAP MRR MAP MRR MAP MRR MAP MRR
BERT-B / MLM+NSP ♣ 82.8 (0.9) 84.2 (1.0) 87.2 (0.9) 92.9 (1.0) 87.9 (0.4) 89.3 (0.4) 89.1 (0.4) 93.4 (0.5) 66.8 (0.1) 73.2 (0.2) × 1.00

BERT-B / MLM 79.9 (1.1) 81.2 (1.2) 86.4 (0.7) 91.5 (0.7) 88.9 (1.0) 90.2 (1.0) 87.6 (0.9) 90.6 (1.1) 65.5 (0.2) 72.2 (0.3) × 1.00
BERT-B / RTS 78.5 (2.5) 80.1 (2.5) 86.6 (1.5) 91.8 (1.5) 87.9 (0.5) 89.3 (0.5) 88.5 (0.5) 93.4 (0.4) 64.6 (0.1) 71.1 (0.2) × 0.81
BERT-B / C-RTS 79.0 (1.9) 80.6 (1.6) 87.0 (0.8) 91.8 (1.1) 87.1 (0.6) 88.3 (0.6) 88.7 (0.4) 92.9 (0.7) 64.7 (0.1) 71.5 (0.1) × 0.82
BERT-B / SLM 80.2 (1.5) 81.7 (1.6) 87.3 (1.3) 92.1 (1.5) 87.7 (0.8) 89.3 (0.7) 87.9 (0.6) 91.0 (0.6) 65.8 (0.3) 72.7 (0.3) × 1.00
ELECTRA-B / TD 81.8 (1.6) 83.2 (1.6) 86.8 (1.4) 92.2 (1.5) 88.4 (0.4) 89.8 (0.4) 88.9 (0.3) 92.0 (0.5) 64.9 (0.3) 71.7 (0.4) × 1.05

Table 3.11: Results on WikiQA and TREC-QA datasets with single-task fine-tuning
and after the transfer step on ASNQ. We also report the results on the dev. set of
ASNQ optimizing MAP. The NSP loss of the original BERT mainly improves the results
without the transfer step. After the transfer on ASNQ, which trains especially the CLS
token representation, the difference with our MLM-based BERT is much smaller. We
show the standard deviation after 5 runs with different initialization seeds in rounded
brackets. We underline results that are significantly different from the BERT-B / MLM
baseline after a two-sided T-Test with a significance level equal to 95%.

as RoBERTa (Liu et al., 2019) or models with a smaller number of Transformer layers,
such as DistilBERT (Sanh et al., 2019) or tiny-BERT (Turc et al., 2019).

It is also worthwhile mentioning that: (i) our BERT-SLM model achieves better
performance than MLM BERT (+0.7%), and the original BERT (+1.5%) on average,
confirming that removing the MASK token during pre-training is important; (ii) ELEC-
TRA provides superior performance when fine-tuned on small datasets such as CoLA,
while in other tasks it shows similar accuracy to SLM and MLM.

QA benchmarks We report the performance obtained by the models on a wide
range of QA tasks in Table 3.11. The results on the dev. set of ASNQ are obtained by
fine-tuning all models in the same setting. SLM provides the highest results among all
models using token-level objectives, scoring even higher than ELECTRA.

On WikiQA and TREC-QA, RTS and C-RTS have mixed results compared to MLM.
In some QA tasks, RTS performs slightly better than MLM, while, in others, slightly
lower. To show that there is no statistical significant difference in performance between
the two models, we do the following test: we split the test set of TREC-QA and WikiQA
in 10 parts, and we test the performance of both models on all mini-batches. Finally,
we take the difference in performance between the two models on every mini-batch,
and we report the mean and standard deviation. We discover that MLM is better
than RTS on ASNQ → WikiQA by 1.4 (±3.8) points while, similarly, RTS outperforms
MLM on ASNQ → TREC-QA by 1.1 (±2.9). The high std. dev. makes the small
difference between models insignificant. In contrast, RTS requires 20% less time to be
fully pre-trained.

C-RTS shows minor but consistent improvements over RTS in most QA tasks, es-
pecially when trained longer, also featuring a much smaller std. dev. when fine-tuned
without the transfer step on ASNQ, which generally reduces the variability of results
(Garg et al., 2019). Moreover, similarly to GLUE, the model trained with SLM obtains
small but consistent advantages over MLM in MAP and MRR on three benchmarks
out of four.
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We stress the fact that the only other differences between our BERT models and
the original by Devlin et al. (2019) are the BookCorpus pre-training dataset and the
additional NSP loss. We use only MLM to provide a fair comparison between token-
level objectives. NSP may improve results slightly because it improves the sentence-level
representation already while pre-training. This is especially true when models are not
trained as long as RoBERTa or ELECTRA, which dropped NSP because it became
insignificant for them, and may even hurt performance after many training steps.

Models BERT-B / MLM BERT-B / RTS BERT-B / C-RTS BERT-B / SLM ELECTRA-B / TD

LM head complexity O(bs× L× |V |) O(bs× L) O(bs× L) O(bs× L× |V |) O(bs× L× |V |)
FLOPS 1.61× 1019 1.54× 1019 1.54× 1019 1.61× 1019 1.98× 1019

Training time 3d 14h 2d 22h 2d 23h 3d 14h 3d 18h

Table 3.12: FLOPS used to pre-train each base model, language modelling head com-
plexity and real training time on the same machine. bs stands for batch size, L for
the input sequence length and |V | is the vocabulary size, equal to about 30K tokens in
BERT models. Notice that BERT-RTS and BERT-C-RTS use less memory thanks to
the smaller binary classification head (also potentially allowing for larger batch sizes.)

Models BERT-S / MLM BERT-S / RTS BERT-S / C-RTS BERT-S / SLM

LM head complexity O(bs× L× |V |) O(bs× L) O(bs× L) O(bs× L× |V |)
FLOPS 1.83× 1018 1.64× 1018 1.64× 1018 1.83× 1018

Training time 1d 7h 17h 17h 1d 7h

Table 3.13: FLOPS used to pre-train each small model, language modelling head com-
plexity and real training time on the same hardware. See the caption of Table 3.12 for
more details.

Small models

Table 3.14 shows that RTS and C-RTS on small models outperform MLM in most
tasks. In addition, RTS also improves over SLM by a wide margin in two of the
three considered benchmarks (WikiQA and ASNQ). Besides, thanks to the smaller
architecture, RTS greatly impacts the pre-training time. In particular, Table 3.13 shows
that small models exploiting RTS or C-RTS for pre-training consume half the resources
used by MLM. We controlled the training of RTS and C-RTS on a small fraction of the
pre-training set used for validation. We discovered that the last-epoch F1 scores of RTS
and C-RTS in detecting replaced tokens were 96.3 and 94.7, respectively. This confirms
that C-RTS is a more challenging task and may be well suited for longer pre-training.
RTS, instead, would be more easily solved, thus providing weaker loss signals to the
model.

Models cost

Tables 3.12 and 3.13 show the training compute and time required by several models.
FLOPS are significant indicators but may reflect different practical performances if the
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Model WikiQA TREC-QA ASNQ GLUE TimeMAP MRR MAP MRR MAP MRR AVG
BERT-S / MLM 66.9 (1.7) 68.2 (1.6) 80.9 (2.2) 85.8 (2.6) 58.6 (0.3) 66.0 (0.4) 74.1 × 1.00
BERT-S / RTS 71.8 (1.3) 73.5 (1.5) 81.4 (0.5) 87.3 (1.7) 59.8 (0.1) 66.9 (0.2) 75.4 × 0.54
BERT-S / C-RTS 69.4 (1.3) 70.8 (1.0) 81.3 (1.4) 86.5 (0.7) 59.6 (0.2) 67.1 (0.2) 75.7 × 0.54
BERT-S / SLM 69.5 (1.0) 70.8 (1.0) 81.9 (1.1) 87.3 (1.5) 59.2 (0.2) 66.5 (0.3) 75.7 × 1.00

Table 3.14: Results of RTS, C-RTS and SLM compared with MLM applied to small
architectures on AS2 benchmarks and GLUE test set. We underline the results that are
significantly different from the BERT-S / MLM baseline after a two-sided T-Test with
a significance level of 95%. We show the standard deviation after 5 runs with different
initialization seeds in rounded brackets.

underlying hardware implements special acceleration for some operations. In fact, the
training times on our NVIDIA A100 GPU are not perfectly proportional to the model’s
FLOPS. For example, RTS and C-RTS are much faster to be pre-trained in practice in
comparison to MLM and even more than the theoretical FLOPS difference thanks to
the smaller memory footprint. Additionally, even by reducing the number of training
steps of ELECTRA proportionally to the additional weight of the generator network,
as suggested by the authors, ELECTRA still uses more computing than BERT for
pre-training.

The tradeoff between good modelling and computing

We aim to produce models that require less computing budget to achieve performance
similar to MLM-based models. Our results show that the performance improvement is
logarithmic in the size of the pre-training dataset. At the same time, there is no statis-
tically significant difference between our computationally lighter objectives and more
expensive models such as ELECTRA. Indeed, Table 3.15 shows that top-performing
architectures outperform MLM-based models only when trained on much more data.
For example, ELECTRA-Base uses 21 times more resources than BERT-Base, while
RoBERTa uses 53 times more. It is impressive the fact that to reach a score of 90.0 on
GLUE, a model has to be trained for 2000 times the original BERT.

3.2.6 The role of clustering

We compared our two efficient approaches (RTS and C-RTS) to understand whether
selecting more challenging replacement tokens could really improve the model perfor-
mance on the downstream tasks on a long run. In order to perform this analysis, we
pre-trained two small models with both objectives using a different setting. In partic-
ular, we increased the sequence length to 512 and trained for 200K steps with a batch
size of 1024, thus letting the models (i) see much more tokens and (ii) compute atten-
tion scores over long sequences. Then, we evaluated them on five different benchmarks
(WikiQA, TREC-QA, ASNQ, MRPC and QNLI). We chose these datasets because
they cover a wide range of tasks (AS2, Paraphrasing and NLI) and a wide range of
sizes, from the 3.6K examples of MRPC to the 20M of examples in ASNQ. The results
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Figure 3.4: Performance comparison of RTS and C-RTS on WikiQA, TREC-QA, MRPC
and QNLI.
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Model GLUE FLOPS

BERT-S / RTS 75.4 × 0.10
BERT-S / MLM 74.1 × 0.12
BERT-S / SLM 75.7 × 0.12
BERT-B / RTS 79.9 × 0.81
BERT-B / MLM 79.7 × 1
BERT-B / SLM 80.4 × 1
BERT-L / MLM+NSP (Devlin et al., 2019) 83.3 × 12
ELECTRA-B / TD (Clark et al., 2020) 85.7 × 21
RoBERTa-B / MLM (Liu et al., 2019) 86.3 × 53
ELECTRA-L / TD (Clark et al., 2020) 88.6 × 194
RoBERTa-L / MLM (Liu et al., 2019) 88.8 × 200
ALBERT-L / MLM+SOP (Lan et al., 2020) 90.0 × 1937

Table 3.15: Large models comparison on the GLUE test set. We report the average
accuracy over the different tasks of Table 3.10, while FLOPS refers to pre-training.

Dataset Metric RTS C-RTS

WikiQA MAP 72.2 (0.6) 75.0 (2.4)

TREC-QA MAP 84.3 (2.4) 85.4 (1.1)

ASNQ MAP 59.9 (0.2) 60.7 (0.1)

MRPC Accuracy 81.5 (1.5) 84.2 (0.1)

QNLI Accuracy 86.9 (0.3) 86.9 (0.1)

Table 3.16: Performance comparison between RTS and C-RTS on five different bench-
marks. The results reported for WikiQA and TREC-QA are on the test set, while for
ASNQ, MRPC and QNLI, we report the highest score on the development set. We
show the standard deviation after 5 runs with different initialization seeds in rounded
brackets.

shown in Table 3.16 clearly underline that in every experiment, C-RTS achieves better
performance than RTS. For example, it scores between 1 and 3% points over RTS in
MAP on the three AS2 datasets. Moreover, it provides more stable results, as it can be
seen from the standard deviation across all experiments. We claim that the advantages
of C-RTS over RTS derive from a more difficult pre-training objective, which is slower
to converge and provides better loss signals in the last training epochs.

We demonstrate the superiority of C-RTS over RTS by doing a longer pre-training
on a small model. We increased the maximum sequence length from 128 to 512 and
kept the same batch size of 1024. We train until both models converge and no longer
improve, exploiting the same pre-training data used for the other experiments. After
every epoch, we evaluate the checkpoints on various tasks: WikiQA, TREC-QA and
MRPC. We avoid very large datasets such as ASNQ because, on small models, they
underline more the architectural differences than the pre-training technique as shown
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in Figure 3.4.

3.2.7 Negative results: Non impactful objectives

C-RTS sampling within the same cluster We experimented with a simplification
of C-RTS where tokens are always replaced with tokens within the same cluster. We
found that it is important to maintain the possibility to sample also from other clusters
because the model was able to learn how tokens are clustered after an enough large
number of steps.

Position-based techniques We experimented with changing the position of tokens,
i.e., we masked some positional encoding in an MLM-like approach. The objective was
to retrieve the position of the masked tokens in the original sentence. The classification
head of this approach is smaller than MLM (slightly larger than RTS, because of the
512 possible positions in BERT), but the results were worse by 3-4% points on GLUE.

We also defined another objective consisting of (i) shuffling input positions of some
tokens, and then (ii) predicting their original position. We selected 15% of the to-
kens, and we permuted them. Although the results were below MLM by 1-2% on the
GLUE average, the approach was as much fast as RTS. A combination of position-based
objectives with the token-level ones is a possible future direction.

LM head-on ELECTRA’s discriminator Capitalizing on the good performance
reached from SLM, we implemented and evaluated a version of SLM for ELECTRA.
Since SLM cannot be directly applied to the ELECTRA discriminator (the predictions
are only performed on the output positions corresponding to tampered tokens nullifying
the task of detecting fake tokens), we propose an alternative objective called SLM-all.
In this case, the discriminator has to predict the whole input sentence, estimating which
tokens were changed and predicting their original values. At the same time, it should
only reproduce the input in output for unchanged inputs. As for the other objectives,
we evaluated this approach on GLUE, WikiQA, ASNQ and TREC-QA but we obtained
generally worst results than some of the other approaches, also with a more expensive
training (1.42 times the time required by MLM with base models). This gap in the
efficiency between SLM-all and the other models is so large because the latter predicts
MLM-like token for every input token. Notice that even by reducing the number of
training steps of the ELECTRA model by about 25% (to balance the presence of the
additional generator with size 1/3), it uses slightly more FLOPS than BERT-MLM.
Specifically, it scores 80.02 on the GLUE average score, 78.7, 86.7, 86.7 of MAP in
WikiQA, TREC-QA and ASNQ.

3.2.8 Final discussion

In this work, we studied several alternative methods to pre-train Transformer models.
Our approaches aim at designing pre-training objectives that (i) match the results
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of well-known methods using fewer resources or (ii) outperform previous techniques
with the same computing budget. This translates into shorter training, lower memory
usage, and the possibility of increasing the batch size. Among other benefits, more
efficient models can reduce carbon footprint and infrastructure costs. Notice that this
advantage is even higher for smaller models since the MLM classification head is not
shrunk proportionally to the architecture size (Turc et al., 2019), thus it increases its
weight on the computational complexity for smaller models. Moreover, we demonstrate
that the MASK token is useless and similar or even better results can be achieved using
only token substitution. We reiterate that our objectives could be easily applied to
many different transformer models; we chose the BERT setting due to computational
resource constraints and easy reproducibility. Finally, we show that recent models’
performance improvements are mostly driven by longer training phases rather than by
more refined architectures.

We evaluated our approaches on several datasets, such as GLUE, WikiQA, TREC-
QA and ASNQ. The results show that RTS and C-RTS match the accuracy of MLM
in most tasks, requiring a lower amount of computational effort (20% less), while SLM
outperforms MLM in most tasks. C-RTS also shows a lower accuracy in detecting
replaced tokens, meaning that the task is harder and better suited for longer pre-
training sessions.

In addition, we tested our pre-training objectives on smaller transformer architec-
tures. In this scenario, RTS and C-RTS obtained better performances than MLM by
requiring half of its time to be pre-trained. For example, RTS outperforms MLM by
almost 5 MAP points on WikiQA. This last finding is potentially helpful for training
transformer models from scratch with limited resources.

3.3 Case study 3: Loss manipulation and automatic
translation for AS2 tasks

In this case study, we deep dive into the Question Answering field. In particular, we
face, for the first time in this Thesis, two specific problems: the scarcity of data (in this
case motivated by the multilingual setting) and the manipulation of the training loss.

This case study is based on a paper named "Datasets for Multilingual Answer Sen-
tence Selection" that, at the time of the writing of this Thesis, is currently under review.
However, the paper has already been released in the form of a preprint (Gabburo et al.,
2024a).

3.3.1 Introduction

In this case study, we delve into the field of Question Answering (QA) to address two
significant challenges: the scarcity of data, particularly in multilingual settings, and the
effective manipulation of the training loss to enhance model performance. These chal-
lenges are critical in advancing QA systems for low-resource languages and optimizing
their training processes to achieve robust performance.
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This case study is based on our paper, "Datasets for Multilingual Answer Sentence
Selection", which is currently under review. Despite this, the work has been made
publicly available as a preprint (Gabburo et al., 2024a). The study focuses on creating
large-scale multilingual datasets and exploring innovative methods for training Answer
Sentence Selection (AS2) models using these resources. By targeting the dual problems
of data scarcity and training optimization, this work contributes significantly to bridging
the gap in multilingual QA research and lays the groundwork for further advancements
in low-resource language processing.

3.3.2 improving Multilingual QA with Translated AS2 Corpora

Answer Sentence Selection (AS2) is a core component of many Question Answering
(QA) systems, playing a critical role in identifying the most relevant answer for a given
question from a pool of candidate sentences. AS2 systems have seen significant ad-
vancements in both academic and industrial contexts, with substantial improvements
in models and datasets over recent years (Wang et al., 2007; Yang et al., 2015; Garg
et al., 2019; Zhang et al., 2022a; Di Liello et al., 2022b; Gupta et al., 2023). How-
ever, much of this progress has been concentrated on English, leaving a noticeable gap
for other widely spoken languages, such as French, German, Italian, Portuguese, and
Spanish. These medium-resource languages face persistent challenges due to the lack
of high-quality datasets for training AS2 models.

Recent research has explored Machine Translation (MT) as a viable solution to
overcome data scarcity in low-resource languages, with promising results (Kumar et al.,
2021; Ranathunga et al., 2023; Gupta et al., 2023). In the AS2 domain, widely used
English datasets such as ASNQ (Garg et al., 2019), WikiQA (Yang et al., 2015), and
TREC-QA (Wang et al., 2007) provide substantial benchmarks, but their absence in
other languages has hindered the development of multilingual AS2 systems.

In our work, we address this gap by creating three large multilingual AS2 datasets:
mASNQ, mWikiQA, and mTREC-QA. These datasets span five European languages:
French, German, Italian, Portuguese, and Spanish, and collectively comprise over 100
million question-answer pairs. To construct these resources, we translated the original
English datasets (ASNQ, WikiQA, and TREC-QA) using the state-of-the-art NLLB
model (Team et al., 2022). Beyond translation, we developed an optimized loss func-
tion designed to (i) incorporate knowledge about translation quality and (ii) leverage
supervision from an expert AS2 model.

To validate our approach, we trained multiple AS2 models on the mASNQ, mWik-
iQA, and mTREC-QA datasets and evaluated their performance across several bench-
marks. Our results demonstrate that the combination of these multilingual datasets
and the optimized loss function significantly outperforms existing approaches, produc-
ing robust rankers for medium-resource languages. These findings not only reduce the
language barrier but also provide valuable assets for researchers working in low-resource
NLP settings.

Additionally, we conducted extensive ablation studies to explore the broader impact
of our methods. These studies revealed that:
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• The proposed loss function generalizes effectively to other tasks, such as passage
reranking.

• Dedicated multilingual datasets are essential to achieving optimal performance
across multiple languages.

• The correlation between ranks produced by expert models and student models is
critical for improving AS2 model robustness.

Our contributions advance the state of multilingual AS2 research, addressing long-
standing challenges in data scarcity and language inclusivity while offering practical
tools for future studies in this domain.

3.3.3 AS2 Translated Datasets

For the dataset translation process, we utilized the largest variant of the NLLB model
(NLLB-200-3.3B), which comprises 3.3 billion parameters. Our translation efforts fo-
cused on three English datasets: TREC-QA, WikiQA, and ASNQ, with both the ques-
tions and answers translated into five target languages French, German, Italian, Por-
tuguese, and Spanish.

The translation process was conducted in two steps. First, we applied the NLLB
model to translate the source datasets. Second, we implemented quality assurance
measures to refine the translated content. Specifically:

• We employed a cross-language semantic similarity model (Reimers and Gurevych,
2020) to assess the semantic alignment between the original English sentences and
their translated counterparts. This model, available as a pre-trained Hugging Face
model3, identified translations with significant semantic deviations.

• We applied heuristic-based corrections to address translation errors. These heuris-
tics targeted issues such as mistranslations, non-original text artifacts, and clarity
inconsistencies, ensuring the overall quality of the datasets.

The resulting multilingual datasets provide high-quality resources for training ro-
bust AS2 models, enabling advancements in medium-resource languages and facilitating
more inclusive NLP research. These datasets and methodologies represent a significant
step toward overcoming linguistic barriers in QA systems.

3.3.4 AS2 Translated Datasets

For dataset translation, we use the largest variant of the NLLB model (NLLB-200-3.3B),
which has 3.3 billion parameters. We consider three datasets: TREC-QA, WikiQA, and
ASNQ. For each one, we translate both the questions and the answers. Our translation
process can be described as a two-step procedure. In the first step, we utilize the NLLB
model to translate the source datasets into five languages: French, German, Italian,

3https://huggingface.co/sentence-transformers/paraphrase-multilingual-mpnet-base-v2
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Portuguese, and Spanish. In the second step, we employ two techniques to evaluate the
quality of the translations: identifying poor translations and correcting any misleading
sentences.

Firstly, we use a cross-language semantic similarity model released by (Reimers
and Gurevych, 2020) 4 to assess the quality of the translated sentences. This model
compares the semantic similarity between the original sentences in English and their
translated versions in the target language. By measuring the similarity, we can identify
bad translations that deviate significantly from the original sentences in English due to
the presence of errors. Secondly, we target these errors by applying a set of heuristics to
correct misleading sentences. These heuristics are designed to correct errors, improve
clarity, remove non-original text, and enhance the overall quality of the translated
datasets.

Datasets

In this work, we considered and translated three datasets for answer sentence selection
(AS2) in 5 different locales:

• mTREC-QA, originates from TREC-QA (Wang et al., 2007), which is created
from the TREC 8 to TREC 13 QA tracks. TREC 8-12 constitutes the training
set, while TREC 13 questions are set aside for development and testing. We used
the Clean setting, meaning that questions without an answer or with only correct
or incorrect answer-sentence candidates are removed.

• mWikiQA is the translated version of WikiQA (Yang et al., 2015). It contains
3047 questions sampled from Bing query logs; candidate answer sentences are
extracted from Wikipedia and then manually labeled to assess whether it is a
correct answer. Some sentences do not have a correct answer (all -) or have only
correct answers (all +). We trained using no all - mode and tested in the clean
setting (without both all + and all -).

• mASNQ comes from ASNQ (Garg et al., 2019) which is an AS2 dataset created
by adapting the Natural Question (Kwiatkowski et al., 2019) corpus from Machine
Reading (MR) to the AS2 task. We replicated this passage using the scripts
provided by Lauriola and Moschitti (2021b).

We summarize the statistics of these datasets in Table 3.17.

Removing Translation Artifacts

Despite the good quality of the translation, the dataset still presents some inconsis-
tencies and artifacts. We identified four major classes of translation artifacts: (i) the
Meaning mismatch between the original and the translated sentences, (ii) The addition
of unnecessary suffixes and prefixes, (iii) The difficulty in interpreting and translating
numerical strings, (iv) Out-of-topic translations of partial contexts. We provide some
examples of these translation artifacts in Table 3.19.

4https://huggingface.co/sentence-transformers/paraphrase-multilingual-mpnet-base-v2
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Dataset Split #Question #QA Pairs

mASNQ Train 57240 20377168
Validation 2672 930062

mWikiQA

Train 2118 20356
Validation 296 2731
Validation (++) 126 1130
Validation (clean) 122 1126
Test 633 6160
Test (++) 243 2350
Test (clean) 237 2340

mTREC-QA
Train 1227 53282
Validation 65 1117
Test 68 1441

Table 3.17: Dataset statistics for mASNQ, mWikiQA, and mTREC-QA for each lan-
guage. The datasets have the same statistics in their original version, and considering
all the languages, the corpora comprehend more than 100M examples. Notice that for
mWikiQA, we also report the statistics of the clean and the no-all-negatives (++) splits.

Dataset Split #Question #QA Pairs

mASNQ Train 57240 20377168
Validation 2672 930062

mWikiQA

Train 2118 20356
Validation 296 2731
Validation (++) 126 1130
Validation (clean) 122 1126
Test 633 6160
Test (++) 243 2350
Test (clean) 237 2340

mTREC-QA
Train 1227 53282
Validation 65 1117
Test 68 1441

Table 3.18: Dataset statistics for mASNQ, mWikiQA, and mTREC-QA for each lan-
guage. The datasets have the same statistics in their original version, and considering
all the languages, the corpora comprehend more than 100M examples. Notice that for
mWikiQA we report also the statistics of the clean and the no-all-negatives (++) splits.
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Split Language Examples

Original ITA ISSN 0362 - 4331
Translated ISSN 0362 - 4331 - Non lo so.

Original DEU Kusumanjali Prakashan .
Translated Ich bin ein guter Mensch.

Original FRA Jump up to : “ Safe Haven ( 2013 )
Translated Sauter sur refuge

Table 3.19: Examples of translation artifacts. The artifacts are highlighted in red.
Notice that (i) "Non lo so" is an Italian sentence which translated in English means "I
don’t know", (ii) "Ich bin ein guter Mensch" means "I am a good person" in German,
and (iii) the maening of the "Sauter sur refuge" in French is "Jump on refuge".

To tackle these issues, we apply some heuristics to improve the dataset quality by
designing a simple human-centered pipeline to mitigate these artifacts.

In our approach, we first compute the similarity score between every translated
example in the dataset and the corresponding original test. Then we filter out translated
examples below a similarity threshold of 0.8 and, on the remaining set, we compute the
most common 1k n-grams with n ranging from 4 to 9. Second, we manually inspect
these extracted n-grams, identifying and removing artifact patterns that could distort
the data. Subsequently, we systematically remove occurrences of those problematic
artifacts from the translated dataset. To further improve this operation, we also identify
the examples where the original sentence and the 75% of the not-blank characters
are numbers, and if the similarity score is low (under 0.8), we replace the translated
sentences with the original one.

Semantic Similarities

To assess the quality of the translations and to quantify the benefit given by our heuris-
tics, we evaluate the semantic similarity between the original sentences and their trans-
lated versions. For each question-answer pair of each dataset, we compare the original
sentences in English with their translated version in the target language. The overall
similarity measure between the originals and the translated sentences in each dataset is
computed considering the mean of the semantic similarity scores across all the question-
answer pairs. This average score indicates how closely the translated sentences align
with their original counterparts in terms of semantic meaning. Table 3.20 reports the
comparison between the similarity scores of the translated dataset and the original one.

3.3.5 AS2 Reward Loss

High-resource languages such as English allow us to train compelling ranker models
due to the huge quantity of available data. Unfortunately, the scarcity of data for
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Language Similarity

D
ev

DEU 0.869± 0.178 → 0.991± 0.003
FRA 0.838± 0.223 → 0.990± 0.003
ITA 0.913± 0.115 → 0.990± 0.001
POR 0.915± 0.117 → 0.992± 0.003
SPA 0.857± 0.211 → 0.990± 0.001

Tr
ai

n

DEU 0.871± 0.175 → 0.923± 0.110
FRA 0.841± 0.218 → 0.923± 0.101
ITA 0.915± 0.112 → 0.940± 0.081
POR 0.915± 0.115 → 0.941± 0.082
SPA 0.860± 0.206 → 0.932± 0.090

Table 3.20: Similarities between ASNQ and mASNQ. On the left of the arrow (→) the
similarity reached after the initial translation is reported; on the right side, there is the
similarity score after the application of the heuristics.

low-resource languages has a noticeable impact on the quality of the trained models.
This work aims to mitigate this problem by proposing new datasets (Sec. 3.3.4) and
designing a new loss function. The usage of automatically translated datasets presents
challenges and biases that can affect the final model performance. We have identified
two main problems in this regard. Firstly, despite the improvement in the quality of
recent translation pipelines, they are not entirely error-proof and may introduce errors
during the translation process. Secondly, specific idiomatic sentences pose difficulties
for translation and cannot be accurately captured by semantic-similarity models.

Indeed, to bridge this performance gap, we designed a specific loss function that,
combined with the use of translated datasets, allows us to overcome these limitations.
Specifically, we modeled the loss as

l = αCE(Y, Ŷ )Wtrans + β MSE(Y, ŜAS2) (3.6)

Where α and β are normalization parameters used to balance the relative importance
of the two loss terms. CE(Y, Ŷ ) represents the cross entropy loss between the model
prediction scores Ŷ and the dataset labels Y . Wtrans is a vector of translation weights
wi ∈ [0, 1] obtained doing the semantic similarity between the original and the trans-
lated texts. MSE(Y, ŜAS2) is the Mean Square Error used to perform the knowledge
distillation from an expert teacher model trained on the original untranslated dataset.

Intuitively, the first term of Equation 3.6 allows us to weigh in different ways the
examples characterized by good translation quality and bad examples. The key idea is
similar to the one presented by the loss weighting approach in Gabburo et al. (2022,
2023a), in which they forced the model to learn more from good instances and less from
poor ones. Meanwhile, the second term introduces a bias to the model by incorporating
knowledge from an expert model, similar to what has been recently proposed in Gupta
et al. (2023).
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3.3.6 Experiments

In this section, we measure the benefits of our datasets applied to existing multilingual
models. With these experiments, we aim to verify and prove the effectiveness of our
contributions. Specifically, we want to show that the translated data, combined with our
reward loss, could be used to train state-of-the-art AS2 models in multiple languages.
For each considered language, we finetuned existing multilingual transformer models on
both the original and our translated datasets. We measure the performance by using
information retrieval metrics like Mean Average Precision (MAP) and the Precision at
1 (P@1). These metrics allow us to compare the results with the English baselines
trained on the original datasets and to measure the performance improvement given by
the ASNQ transfer step on different languages.

To verify these hypotheses, we consider an existing multilanguage pre-trained cross-
encoder transformer model, which is XLM-RoBERTa base5, and BERT-multilingual6.
Following the TANDA (Garg et al., 2019) approach, we perform a two-stage training
for each model. Precisely, this technique consists of a two-stage training paradigm,
where the first training stage, named transfer step, consists of training the models on
ASNQ to teach them to recognize and solve the AS2 tasks. In the second step, named
adaptation step, the transferred models are finetuned on the final target AS2 datasets.
In our setting, we apply this paradigm by first training and doing a separate transfer
step on each language of mASNQ. Secondly, we finetunefinetune the obtained models
on mWikiQA and mTREC-QA (e.g., mASNQITA → WikiQAITA).

To have a comprehensive perspective of how our approach behaves, we measure
the performance on three test sets from (i) mWikiQA, (ii) mTREC-QA, and (iii) Xtr-
WikiQA7.

With the first two datasets, we aim to show the performance of our models in a
controlled environment where the translation pipeline and the heuristics are the same
as those used on mASNQ. The third dataset, instead, allows us to prove that (i) our
approach is robust in a zero-shot setting and (ii) can be extended to datasets translated
using different pipelines.

To perform our experiments, we test XLM-RoBERTa on ASNQ and mASNQ datasets
with specific parameters: batch size of 1024, Adam optimizer with a learning rate of
5e − 6, precision set to 32, and 10 training epochs. For mWikiQA and mTREC-QA
datasets, the batch size was 32, Adam optimizer with a learning rate of 5e−6, precision
set to 16-mixed, and 40 training epochs with early stopping. We select the best model,
maximizing the mean average precision (MAP) on the development set. The same
parameters were used to train the Multilingual BERT architecture. All experiments
utilized 8 NVIDIA V100 32 GB GPUs.
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Language Transfer Adapt Reward mWikiQA mTrecQA Xtr-WikiQA
Loss MAP P@1 MAP P@1 MAP P@1

ENG ✓ 0.796 (± 0.011) 0.691 (± 0.015) 0.866 (± 0.015) 0.853 (± 0.031) 0.795 (± 0.011) 0.689 (± 0.015)

✓ ✓ 0.874 (± 0.007) 0.813 (± 0.017) 0.892 (± 0.007) 0.871 (± 0.019) 0.872 (± 0.007) 0.809 (± 0.015)

DEU
✓ 0.770 (± 0.024) 0.657 (± 0.031) 0.870 (± 0.011) 0.871 (± 0.016) 0.779 (± 0.012) 0.669 (± 0.015)

✓ ✓ 0.853 (± 0.005) 0.767 (± 0.006) 0.904 (± 0.006) 0.903 (± 0.017) 0.868 (± 0.005) 0.800 (± 0.011)

✓ ✓ ✓ 0.847 (± 0.005) 0.763 (± 0.010) 0.906 (± 0.001) 0.897 (± 0.010) 0.868 (± 0.010) 0.806 (± 0.018)

FRA
✓ 0.769 (± 0.012) 0.662 (± 0.018) 0.872 (± 0.007) 0.859 (± 0.013) 0.760 (± 0.009) 0.646 (± 0.012)

✓ ✓ 0.836 (± 0.006) 0.752 (± 0.012) 0.891 (± 0.010) 0.874 (± 0.029) 0.844 (± 0.005) 0.778 (± 0.014)

✓ ✓ ✓ 0.830 (± 0.010) 0.743 (± 0.017) 0.905 (± 0.004) 0.912 (± 0.010) 0.830 (± 0.010) 0.743 (± 0.017)

ITA
✓ 0.768 (± 0.019) 0.660 (± 0.026) 0.855 (± 0.024) 0.844 (± 0.049) 0.761 (± 0.021) 0.657 (± 0.027)

✓ ✓ 0.828 (± 0.004) 0.749 (± 0.008) 0.870 (± 0.006) 0.871 (± 0.016) 0.820 (± 0.012) 0.742 (± 0.027)

✓ ✓ ✓ 0.865 (± 0.003) 0.800 (± 0.008) 0.866 (± 0.012) 0.868 (± 0.028) 0.867 (± 0.007) 0.804 (± 0.012)

POR
✓ 0.798 (± 0.011) 0.704 (± 0.019) 0.855 (± 0.021) 0.704 (± 0.019) 0.780 (± 0.011) 0.684 (± 0.020)

✓ ✓ 0.853 (± 0.018) 0.781 (± 0.029) 0.874 (± 0.009) 0.781 (± 0.029) 0.849 (± 0.023) 0.775 (± 0.042)

✓ ✓ ✓ 0.868 (± 0.005) 0.808 (± 0.008) 0.885 (± 0.003) 0.808 (± 0.008) 0.868 (± 0.005) 0.808 (± 0.008)

SPA
✓ 0.795 (± 0.009) 0.691 (± 0.016) 0.882 (± 0.013) 0.900 (± 0.016) 0.786 (± 0.015) 0.691 (± 0.024)

✓ ✓ 0.847 (± 0.013) 0.768 (± 0.020) 0.898 (± 0.004) 0.929 (± 0.019) 0.859 (± 0.010) 0.790 (± 0.020)

✓ ✓ ✓ 0.854 (± 0.004) 0.787 (± 0.007) 0.902 (± 0.011) 0.929 (± 0.019) 0.852 (± 0.011) 0.775 (± 0.015)

Average ✓ ✓ 0.843 (± 0.009) 0.763 (± 0.015) 0.887 (± 0.007) 0.877 (± 0.022) 0.848 (± 0.011) 0.777 (± 0.023)

✓ ✓ ✓ 0.853 (± 0.005) 0.780 (± 0.010) 0.893 (± 0.006) 0.883 (± 0.015) 0.857 (± 0.009) 0.787 (± 0.014)

Table 3.21: Performance comparison of XLM-RoBERTa on mTREC-QA, mWikiQA,
and Xtr-WikiQA (zero-shot from the model trained on mWikiQA). The transfer step
is done on mASNQ, while the Adaptation is on mTREC-QA and mWikiQA. Results in
terms of MAP and P@1, for various language and model configurations. The models
trained with the reward loss prove improved performance compared with the other
approaches (e.g., 0.853 vs 0.843 on mWikiQA in terms of average MAP).

AS2 Results

In this section, we present the experimental results of our approaches on three dif-
ferent AS2 datasets: mWikiQA, mTREC-QA, and the existing Xtr-WikiQA dataset
(Gupta et al., 2023). Table 3.21 provides an overview of the performance achieved by
our models. First, we observe that our models trained with the loss function achieve
performance levels comparable to those of English models. This finding is particularly
noticeable when considering the Portuguese language across all datasets. When eval-
uating the models on Xtr-WikiQA, which can be considered as a zero-shot scenario,
as the models are trained on mWikiQA and tested on Xtr-WikiQA, we find that our
approaches demonstrate robustness even when dealing with datasets translated using
a different translation pipeline. Specifically, Xtr-WikiQA is translated using Amazon
Translate. The results obtained on Xtr-WikiQA validate the effectiveness of our proce-
dures in handling such translation variations. However, we also observe some negative
results.

Specifically, our experiments highlight challenges specific to the French language.
The XLM-RoBERTa model performance in this context is notably subpar, which aligns
with earlier findings documented in the relevant literature. Furthermore, we highlight
the impact of employing the reward loss on the average results of the multilingual
datasets. Across mWikiQA, mTREC-QA, and Xtr-WikiQA, we consistently observe

5https://huggingface.co/xlm-roberta-base
6https://huggingface.co/bert-base-multilingual-cased
7https://huggingface.co/datasets/AmazonScience/xtr-wiki_qa
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Language ASNQ mASNQ
MAP P@1 MAP P@1

DEU 0.814 0.705 0.839 0.755
FRA 0.819 0.717 0.793 0.671
ITA 0.819 0.715 0.839 0.726
POR 0.822 0.722 0.842 0.755
SPA 0.830 0.738 0.835 0.751

Table 3.22: Comparison of XLM-RoBERTa base transferred on mASNQ and ASNQ
and tested on mWikiQA in a cross-lingual setting.

improved performance when incorporating the reward loss. For instance, the average
results with the reward loss for mWikiQA are 0.853, compared to 0.843 without it. Sim-
ilarly, for mTREC-QA, the respective values are 0.893 and 0.887, and for Xtr-WikiQA,
the values are 0.857 and 0.848. These results highlight the importance of utilizing the
reward loss to enhance performance. In addition, we present a comparison of various
models on Xtr-WikiQA in a zero-shot setting in Table 3.23. These models have been
trained on mASNQ using our reward loss and are evaluated against existing models
trained on well-known and extensive passage reranking datasets. We find that mod-
els trained on mASNQ for the Xtr-WikiQA task outperform models trained on other
datasets, such as mMARCO and MSMARCO. This observation suggests that mASNQ
is a more suitable dataset for AS2 than mMARCO and MSMARCO. Moreover, when
comparing the performance of BERT-multilingual and XLM-RoBERTa, we find that,
on average, BERT-multilingual performs better. This finding is evident when analyzing
the results across different languages, including Italian, Portuguese, and Spanish. Over-
all, our results demonstrate the effectiveness and robustness of our approaches on AS2
datasets, showcasing competitive performance and the superiority of specific training
configurations and models over others.

3.3.7 Ablation: Passage Ranking

To further demonstrate the effects of our new loss function, we also perform several
experiments on a different task: Passage RerankingReranking (PR). Passage Rerank-
ingReranking is an Information Retrieval (IR) task that consists of reordering a set of
retrieved passages for a given query. For this reason, we consider a well-known dataset
named mMARCO (Bonifacio et al., 2021), well known in the multilanguage IR com-
munity. Specifically, we select a random language among the ones considered in the
previous experiments, and we train several multilanguage models using our loss. In de-
tail, we split the original Italian dataset in train, validation, and test splits (Tab. 3.17).
We compare the results obtained by our approaches with two models: the first is a mul-
tilanguage BERT trained on the English MSMARCO, while the second model is trained
on our train split but without our loss. In Table 3.24, we present the results of this com-
parison. They clearly show that our models based on the reward loss outperform the
model trained on mMARCO and MSMARCO (e.g., 0.687 vs 0.682 in terms of MAP).
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Language Model MAP P@1

ENG

✱ mmarco-mMiniLMv2 0.812 0.722
✱ bert-multilingual-msmarco 0.798 0.714
xlm-roberta-base 0.855 0.794
bert-multilingual 0.814 0.724

DEU

✱ mmarco-mMiniLMv2 0.797 0.700
✱ bert-multilingual-msmarco 0.759 0.663
xlm-roberta-base 0.844 0.770
bert-multilingual 0.834 0.753

FRA

✱ mmarco-mMiniLMv2 0.782 0.675
✱ bert-multilingual-msmarco 0.734 0.621
xlm-roberta-base 0.813 0.720
bert-multilingual 0.863 0.807

ITA

✱ mmarco-mMiniLMv2 0.778 0.671
✱ bert-multilingual-msmarco 0.735 0.634
xlm-roberta-base 0.830 0.741
bert-multilingual 0.846 0.765

POR

✱ mmarco-mMiniLMv2 0.809 0.724
✱ bert-multilingual-msmarco 0.755 0.646
xlm-roberta-base 0.840 0.761
bert-multilingual 0.841 0.761

SPA

✱ mmarco-mMiniLMv2 0.791 0.691
✱ bert-multilingual-msmarco 0.753 0.650
xlm-roberta-base 0.832 0.737
bert-multilingual 0.853 0.774

Table 3.23: Performance comparison of XLM-RoBERTa base model in a zero-shot set-
ting on the Xtr-WikiQA task. Models trained on mASNQ dataset, denoted by ✱,
outperform those trained on other datasets like mMARCO and MSMARCO. Moreover,
BERT-multilingual consistently performs better than XLM-RoBERTa in various lan-
guages (Italian, Portuguese, Spanish), indicating the robustness and competitiveness of
the approach on AS2 datasets.

81



3.3. Case study 3: Loss manipulation and automatic translation for AS2 tasks

Dataset Transfer Adapt Reward mMARCO
Loss MAP P@1

MSMARCO ✓ 0.631 0.502
mMARCO ✓ 0.682 0.553

mMARCO ✓ ✓ 0.686 0.558
mASNQ−→mMARCO ✓ ✓ ✓ 0.687 0.559

Table 3.24: Comparison of BERT-multilingual performance on mMARCOITA test set.
We train the two baselines respectively on the English MSMARCO and the mMARCO
Italian split. The models trained using the reward loss, consistently improve the two
presented baselines showing that (i) the loss is beneficial also when used in the Passage
Reranking task, and (ii) the transfer step on mASNQ is helpful also in this domain.

Although there has been a modest improvement, it is noticeable that this improvement
becomes noticeable because of the large size of the mMarco test set. In addition, these
findings highlight the advantages our approach offers for tasks beyond AS2. Even with
a marginal improvement, it is evident that adapting a model transferred on mASNQ
can yield further performance improvements.

3.3.8 Ablation: Cross-Lingual

This ablation aims to determine the advantages of using the mASNQ dataset to train
state-of-the-art answer ranking models on languages different from English. To achieve
this, we compare the performance of cross-lingual models trained on ASNQ and Wik-
iQA, with models that were firstly trained on mASNQ and mWikiQA, on the different
languages that compose mWikiQA.

Table 3.22 compares the performance of models trained only on the original versions
of ASNQ and WikiQA with the performance of the same architecture (XLM-RoBERTa
base) but trained on our multilanguage datasets. To achieve this goal, we measure the
performance of each model across all the different test sets of mWikiQA and across their
languages. To perform the evaluation, we considered two proxy measures to understand
the quality of the models: Mean Average Precision (MAP) and Precision at 1 (P@1).
The results show that the models achieve higher MAP and P@1 scores when trained on
mASNQ compared to ASNQ, indicating that training on the mASNQ dataset improves
the performance of multilingual models in cross-lingual tasks. Across all languages, the
models trained on mASNQ consistently outperform the models trained on ASNQ. This
suggests that the mASNQ dataset can guarantee a performance boost for non-English
target datasets, confirming our hypotheses.

3.3.9 Ablation: Ranks correlation

This study compares the ranking outputs of two sets of models, analyzing the correlation
between their rankings. The first set comprehends models trained on mASNQ and
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mWikiQA and then tested on the mWikiQA test set, while the second set contains
models trained on ASNQ and WikiQA and evaluated on the original English WikiQA
test set.

We design this experiment in order to compare the rank provided for each question
qiEng of the original English dataset (WikiQA) with the semantically equivalent question
qiT and its rank for each language T in mWikiQA. To measure the performance, we
compute three correlation metrics to properly evaluate the correlation between the
rankings of each pair of questions {qiEng, q

i
T}; in this way, we allow to determine the

level of agreement between the two models ranking outputs, providing insights into
the potential differences between them. Specifically, we consider the XLM-RoBERTa
base, and we compute the Kendall, Spearman, and Pearson correlation metrics on
mWikiQA and mTREC-QA. The results in Table 3.25 show a strong positive correlation
between the performance of machine translation models trained in English and tested
in English and the models trained in other languages (using mASNQ, mWikiQA, and
mTREC-QA). This correlation is evident across all evaluation metrics, with Kendall
correlations ranging from 0.694 to 0.720, Spearman correlations ranging from 0.802 to
0.824, and Pearson correlations ranging from 0.872 to 0.908 for the mASNQ→mWikiQA
task. The high correlation values, ranging from 0.547 to 0.733, across all languages for
the mASNQ→mTREC-QA task further support this notion. The Kendall, Spearman,
and Pearson correlations show consistently high values, indicating that the translation
quality and model performance are consistently strong. The results of the analysis
demonstrate (i) the effectiveness of the translation process for mASNQ and (ii) the
strong performance of the models.
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mASNQ→mWikiQA

Language Kendall Spearman Pearson

DEU 0.720 0.820 0.908
FRA 0.694 0.802 0.872
ITA 0.713 0.817 0.903
POR 0.710 0.824 0.908
SPA 0.698 0.807 0.902

mASNQ→mTREC-QA

Language Kendall Spearman Pearson

DEU 0.547 0.666 0.713
FRA 0.566 0.663 0.709
ITA 0.513 0.629 0.695
POR 0.567 0.669 0.733
SPA 0.587 0.688 0.728

Table 3.25: Kendall, Spearman and Pearson correlation computed between the ranks
originated from model trained the original ASNQ and mASNQ. The reported values
are computed using XLM-RoBERTa base models transferred on ASNQ and mASNQ
and then finetuned on mWikiQA and mTREC-QA.
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Chapter 4

Automatic Evaluation for Generative
Question Answering

Natural Language Processing (NLP) has advanced significantly, particularly in the de-
velopment of Question Answering (QA) systems. These systems aim to provide accurate
answers to user queries by leveraging large datasets and advanced algorithms. However,
evaluating the performance of QA systems remains a significant challenge. Traditional
evaluation methods, such as human annotations, are accurate but resource-intensive,
requiring substantial time and effort. This has driven the development of automated
evaluation metrics capable of providing reliable assessments of QA performance.

Despite the progress in automated metrics, most existing approaches, such as BLEU
(Papineni et al., 2002), ROUGE (Lin, 2004), BERTScore (Zhang* et al., 2020), and
BLEURT (Sellam et al., 2020), show weak correlations with human judgment. These
metrics often rely on limited references and lack the ability to adequately penalize ir-
relevant or incorrect answers, making them less effective for evaluating modern QA
systems. To overcome these limitations, we introduce SQuARe (Sentence-level QUes-
tion AnsweRing Evaluation), a novel reference-based evaluation metric. SQuARe is a
state-of-the-art approach based on transformer architectures that enables accurate eval-
uation of both extractive and generative QA models. This technique was specifically
designed to improve upon existing methodologies by addressing their shortcomings.
The innovations of SQuARe include:

• Multiple References: Unlike traditional metrics, SQuARe evaluates answers
against multiple positive reference answers, capturing the diversity of valid re-
sponses and reflecting real-world variability in human answers.

• Incorporation of Negative References: SQuARe leverages incorrect refer-
ence answers to penalize irrelevant or erroneous outputs, enhancing its ability to
differentiate between high- and low-quality answers.

• Maximizing Correlation with Human Judgment: The model is specifically
trained to align with human evaluations by leveraging the combined use of pos-
itive and negative references, ensuring a more reliable assessment of QA system
performance.
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This work is based on our paper, "SQuARe: Automatic Question Answering Eval-
uation using Multiple Positive and Negative References," published at IJCNLP-AACL
2023 (Gabburo et al., 2023b). In the paper, we demonstrate that SQuARe significantly
outperforms existing metrics, achieving stronger correlations with human judgment
across various datasets. By relying on the robust architecture of transformers and a
novel training paradigm, SQuARe provides an accurate and scalable solution for eval-
uating both extractive and generative QA models. Evaluating generative QA models
requires an understanding of both syntactic fluency and semantic correctness. Tra-
ditional token-based metrics (e.g., BLEU, ROUGE) primarily capture lexical overlap
rather than meaning. This leads to poor evaluations in scenarios involving paraphras-
ing or varied yet valid responses. The introduction of SQuARe represents a substantial
advancement in the field of automated QA evaluation. By addressing the limitations
of traditional metrics and incorporating a more nuanced approach, SQuARe enables
researchers and practitioners to assess QA systems more effectively, fostering the de-
velopment of more robust and reliable models. The results presented in this chapter
underscore its potential as a pivotal tool for advancing QA evaluation methodologies.
SQuARe aligns more closely with linguistic evaluation principles by integrating:

• Semantic Similarity: By leveraging transformer-based contextual embeddings,
SQuARe evaluates meaning rather than just word overlap.

• Discourse Coherence: By considering entire answer structures rather than
isolated words, SQuARe ensures logical flow and contextual relevance.

• Error Detection through Contrastive Learning: Negative references allow
for recognizing factually incorrect but lexically similar outputs, improving factual
correctness in evaluation.

• Pragmatic Relevance and Entailment: SQuARe captures implicit entailment
and pragmatic cues that ensure the generated answer is contextually appropriate.

Moreover, by modeling the broader semantic space and variability in human re-
sponses, SQuARe addresses challenges that traditional metrics undercount. This ap-
proach not only ensures better alignment with human judgments but also provides a
more robust and interpretable framework for generative QA.

4.1 Automatic Evaluation Metrics for QA
Traditional token/n-gram level similarity metrics like BLEU (Papineni et al., 2002)
and ROUGE (Lin, 2004) are commonly used in text generation tasks. However, these
metrics have been shown to achieve poor correlation with human judgments in the
context of QA (Reiter, 2018a; Gabburo et al., 2022). The primary issue is that QA
often requires understanding and generating contextually relevant and semantically
accurate answers, which n-gram overlap metrics fail to capture effectively.

To address these limitations, Kusner et al. (2015) propose using distance functions
between word embeddings for text similarity, specifically leveraging the Wasserstein
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distance. This approach captures semantic similarity more effectively than token-based
methods. Building on this, other works (Clark et al., 2019) have explored embedding-
based evaluation metrics. Recent advancements have introduced metrics for Neural Ma-
chine Translation (NMT) and summarization tasks that utilize contextual embeddings
from transformer models. Notable examples include BERTScore (Zhang* et al., 2020),
which uses BERT embeddings to evaluate similarity based on context and meaning,
BLEURT (Sellam et al., 2020), and COMET (Rei et al., 2020), which integrates both
linguistic and semantic aspects for evaluation. These approaches have been extended
to other domains like text style (Wegmann and Nguyen, 2021) and summarization (Cao
et al., 2020; Zeng et al., 2021).

In the domain of QA, particularly for entity-level span-extraction machine read-
ing (MR) tasks, adaptations of BLEU and ROUGE have been proposed for answer
comparison (Yang et al., 2018a), focusing on "yes-no" and "entity" questions. These
adaptations, however, often fall short in generative QA contexts where answers can be
more diverse and less predictable. To improve evaluation for generative QA, Si et al.
(2021) suggest mining entities from knowledge bases (KBs) to use as additional gold
standards, recognizing the need for multiple diverse reference answers. Similarly, Chen
et al. (2019) propose a modification of BERTScore for QA by incorporating the ques-
tion, paragraph context, and answer, though they note that traditional metrics like F1
are still reasonable for extractive MR tasks but not for generative QA.

For generative QA, where the goal is to generate novel and contextually appropriate
answers, human annotations often serve as a critical component of evaluation (Min et al.,
2021). Human evaluations can capture nuances that automated metrics might miss,
such as the relevance and informativeness of answers. Recent advancements include
learned metrics for sentence-level extractive QA, such as AVA (Vu and Moschitti, 2021a)
and BEM (Bulian et al., 2022), which are trained to predict human judgment scores
and offer a more nuanced evaluation compared to traditional metrics.

Additionally, recent studies have proposed reference-free metrics to evaluate QA. Ji
et al. (2022) introduced Qascore, an unsupervised and unreferenced metric for question
generation evaluation. Mohammadshahi et al. (2022) proposed RQUGE, a reference-
free metric for evaluating question generation by answering the question. These metrics
aim to address the limitations of reference-based evaluations and better align with
human judgment.

Another emerging approach involves using large language models (LLMs) as evalu-
ators. Studies by Chang et al. (2023), Guo et al. (2023), Zhang et al. (2024), and Hada
et al. (2024) have shown that LLMs can effectively evaluate the quality of generated
texts, including QA, by providing scores that correlate well with human judgments.
This research direction highlights the potential of LLMs to complement or even replace
traditional evaluation metrics in specific contexts.

The following sections of this chapter are structured as follows: we examine related
studies on QA evaluation metrics, describe the SQuARe methodology, provide exper-
imental results along with error analysis, and conclude with a discussion on linguistic
insights and potential future directions.
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4.2 SQuARe: Sentence-level QA Evaluation

Automatic evaluation of Question Answering (QA) systems, being a knowledge-intensive
task, necessitates leveraging external knowledge sources to assess the correctness of an-
swers (e.g., Knowledge Bases, Gold Standard reference answers). The process of au-
tomatic QA evaluation can be formalized using the notation f(q, a, c) → p, where f
represents the evaluation function applied to the question q, the target answer a, and
the reference context c, yielding a correctness score p ∈ [0, 1].

Prior studies (AVA, BEM) have demonstrated that employing a single Gold Stan-
dard (GS) reference answer as the context c achieves a higher correlation with hu-
man annotations compared to using only q and a. We introduce a supervised metric,
SQuARe, which enhances the reference context c by incorporating (i) multiple gold
standard references and (ii) negatively annotated answers as negative references.

Multiple Reference Answers The limitation of using a single correct reference in
AVA and BEM restricts the evaluation scope of QA system predictions.

Example 4.2.1: Multiple Reference Evaluation

Question: What is the capital of Australia?

Single Reference:

Canberra.

Multiple References:

1) Canberra is the capital city of Australia.
2) Canberra is located in the Australian Capital Territory.

System Output:

The capital of Australia is Canberra.

SQuARe Score: High (correctly accounts for paraphrasing).

• Diverse questions may have multiple correct answers: for example, the question
"What is a band?" can be correctly answered by both "A flat, thin strip or loop
of material, used as a fastener" and "A band is a group of people who perform
instrumental and/or vocal music".

• Knowledge-seeking questions may require information spread across several ref-
erences: for instance, "Who is Barack Obama?" can be answered by combining
information from multiple sources such as "He served as the 44th president of
the U.S. from 2009-2017" and "He was a member of the Democratic Party, and
served as a U.S. senator from 2005-2008".
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• Ambiguous or under-specified questions that lack a single correct answer, or
opinion-seeking questions, can benefit from multiple references. For example,
the question "When is the next world cup?" could be correctly answered by "The
next FIFA football world cup is in 2026" and "The next ICC cricket world cup is
in 2023 in India" since the question does not specify the sport.

One of the primary innovations of SQuARe is the incorporation of multiple reference
answers to improve evaluation accuracy. Example 4.2 shows how multiple references
capture diverse yet correct phrasings:

Negative Reference Answers Utilizing the information and semantics from incor-
rect answers can refine the accuracy of automatic QA evaluation. For example, given
the question "Which movies of Dwayne Johnson were released in 2017?" and the posi-
tive reference "Dwayne ’The Rock’ Johnson starrer Baywatch premiered in 2017", both
answers "Baywatch and Jungle Cruise" and "The Fate of the Furious and Baywatch"
seem plausible. However, incorporating the incorrect reference "Jungle Cruise is a
movie starring The Rock and Emily Blunt that was released in 2021" enables the evalu-
ation system to discern that the latter answer is less accurate. Many QA datasets (e.g.,
ASNQ, WikiQA, TREC-QA) contain numerous negatively labeled answer candidates
that can be leveraged in evaluation.

Example 4.2 illustrates how SQuARe leverages negative references to reduce over-
estimation:

Example 4.2.2: Negative Reference Evaluation

Question: When was the Eiffel Tower built?

Correct Reference:

The Eiffel Tower was completed in 1889.

Incorrect Reference:

The Eiffel Tower was built in 1920.

System Output:

The Eiffel Tower was built in 1921.

Score w/ Only Correct Reference: Moderately high (due to lexical overlap).
Score w/ Negative References (SQuARe): Significantly lower (penalizes
factual errors).

By explicitly incorporating negative references, SQuARe can penalize misleading
responses that share vocabulary with the correct reference but diverge factually. This
contrastive approach aligns more closely with human evaluation standards.
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Figure 4.1: Multi-reference SQuArE employs multiple positive and negative reference
answers to evaluate the correctness of a target answer for a particular question, pro-
ducing a score s ∈ [0, 1].

SQuArE To address the aforementioned limitations, we enhance the context c in the
automatic evaluation function f(q, a, c) → p by including a combination of n+ correct
and n− incorrect reference answers, denoted as c : c+={c+1 , ..., c+n+

} ∪ c−={c−1 , ..., c−n−}.
During supervised learning, SQuArE minimizes the semantic distance between a correct
target answer and the set of correct references c+, while maximizing the semantic dis-
tance from the set of incorrect references c−. We prefix a prompt (Pos_Ref / Neg_Ref )
to each reference to indicate its correctness or incorrectness. Specifically, a (q, a, c+, c−)
input for SQuArE is encoded as "Question: q Target: a Pos_Ref: c+1 · · · Pos_Ref: c+n+

Neg_Ref: c−1 · · · Neg_Ref: c−n−" as illustrated in Figure 4.1.

Selecting reference answers can introduce biases in automatic QA evaluation. Col-
lecting a diverse set of reference answers that comprehensively cover all necessary con-
cepts is challenging and costly. Therefore, we utilize existing annotated answer candi-
dates (both positive and negative) in high-quality labeled datasets as references. Ex-
tending automatic QA evaluation to unseen questions (without any references) remains
a challenging open problem in NLP QA.
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4.3 Experiments and Results

In this section, we detail the experimental setup including datasets, models, baselines,
and performance results on both extractive and generative QA tasks.

4.3.1 Datasets

GenQA-MTURK This dataset contains 3,000 questions from three datasets (1,000
each): MS-MARCO (Nguyen et al., 2016), WikiQA, and TREC-QA, which we evaluate
using GenQA models as described in (Hsu et al., 2021; Gabburo et al., 2022). For each
question, we generate an answer using eight different GenQA models based on T5-Large.
We derive this dataset from a reduced sample of the MS-MARCO NLG development
set, the WikiQA test set, and the TREC-QA test set, following the approach in (Zhang
et al., 2022b).

We train eight different T5-Large models on MS-MARCO using training techniques
from (Hsu et al., 2021) and (Gabburo et al., 2022): (i) Supervised GenQA, (ii) Weak
Supervision (WS), (iii) WS+Loss Weighting (LW), (iv) WS+Score-conditioned Input
(SCI), (v) WS+Score-conditioned Output (SCO), (vi) WS+SCI+SCO, (vii) WS+LW+SCI+SCO,
and (viii) Supervised GenQA+WS+LW+SCI+SCO.

We annotate all answers in this dataset for correctness using MTurk, obtaining five
independent annotations for each QA pair and applying majority voting to determine
the final annotation.

4.3.2 Models and Baselines

We use DeBERTaV3-Large (He et al., 2021) for SQuARe and compare it with three
baselines (proposed in AVA/BEM):

• Question-Target (QT): takes a question and the target answer;

• Target-Reference (TR): takes a reference GS answer and the target answer;

• Target-Question-Reference (TQR): takes a question, the target answer, and
a reference GS answer.

In our experiments, we set the total number of references per question to (n+) +
(n−) = 5.

We train SQuARe starting from the DeBERTaV3-Large model (He et al., 2021),
following the approach in (Gabburo et al., 2023a). We test various parameters and find
the best combination: training the model for 20 epochs on each dataset using a batch
size of 32, fp32, and Adam (Kingma and Ba, 2015) as the optimizer with a learning rate
of 1e-06. At the beginning of each epoch, we shuffle the training set and select the best
checkpoint based on the highest AUROC (Area Under the Curve) on the validation
set. We train QT, TQR, and TR using the parameters described in (Vu and Moschitti,
2021a).
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Dataset Technique # Refs Accuracy AUROC Correlation

Answer Sentence Selection (AS2)

WQA

AVA-TR 1 0.734 0.809 0.716
AVA-QT 0 0.790 0.851 0.750
AVA-TQR 1 0.809 0.873 0.771
SQuArE 5 0.833 0.896 0.793

IQAD

AVA-TR 1 Baseline Baseline Baseline
AVA-QT 0 +1.94% -0.393% +0.682%
AVA-TQR 1 +8.02% +5.7% +6.178%
SQuArE 5 +22.24% +14.01% +16.062%

Answer Generation (GenQA)

MS-MARCO

AVA-TR 1 0.882 0.768 0.610
AVA-QT 0 0.882 0.777 0.623
AVA-TQR 1 0.878 0.790 0.636
SQuArE 5 0.895 0.832 0.629

Table 4.1: Results on WQA, IQAD, MS-MARCO measured using Accuracy, Area under
the curve and Pearson Correlation with gold labels. Results on IQAD are relative to
AVA-TR baseline (due to data being internal). # Refs refers to the total number of
reference answers used for the metric.
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Dataset Technique Accuracy AUROC Correlation

Answer Sentence Selection (AS2)

WikiQA

AVA-TR 0.701 0.633 0.532
AVA-QT 0.900 0.804 0.637
AVA-TQR 0.903 0.805 0.632
SQuArE 0.919 0.851 0.676

TrecQA

AVA-TR 0.911 0.913 0.816
AVA-QT 0.885 0.927 0.737
AVA-TQR 0.906 0.972 0.797
SQuArE 0.924 0.969 0.842

Answer Generation (GenQA)

MS-MARCO

AVA-TR 0.843 0.683 0.587
AVA-QT 0.772 0.693 0.580
AVA-TQR 0.839 0.738 0.601
SQuArE 0.845 0.773 0.620

WikiQA

AVA-TR 0.692 0.670 0.602
AVA-QT 0.627 0.798 0.667
AVA-TQR 0.671 0.811 0.678
SQuArE 0.694 0.819 0.690

TrecQA

AVA-TR 0.847 0.784 0.615
AVA-QT 0.709 0.816 0.612
AVA-TQR 0.779 0.857 0.647
SQuArE 0.890 0.818 0.671

Table 4.2: Zero-shot evaluation using QA evaluation models trained on WQA. Same
metrics used as Table 4.1.
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We also compare SQuARe with two additional baselines: (i) BEM (Bulian et al.,
2022), a recently released reference-based automatic evaluation metric (trained on the
AE dataset), and (ii) a large language model (LLM) approach using two versions of
the Falcon (Almazrouei et al., 2023) model. To ensure a fair comparison, we evaluate
the WikiQA and TREC-QA datasets in the zero-shot setting and, after fine-tuning the
AE dataset,

For BEM, we use the evaluation script and checkpoints from the original paper1,
and for the LLM-based Falcon experiments, we use the initially released checkpoints23.
Both approaches (BEM and LLM) employ the AVA-TQR data set, where we provide
the question and a positive reference and ask the model to evaluate the correctness of
the target answer. We fine-tune SQuARe on the AE dataset using the same parameters
as for WQA.

4.3.3 Results

We present results comparing SQuArE with the baselines on large datasets (from both
extractive QA: AS2 and generative QA: GenQA) in Table 4.3. Using human-annotated
gold standards, we compute accuracy, AUROC, and Pearson correlation for each QA
metric. On all datasets, SQuArE significantly outperforms the baselines and achieves
the highest accuracy, as does AUROC with human annotations.

Results for Answer Sentence Selection (AS2) and Answer Generation (GenQA)
: Table 4.3 showcases the results of various evaluation metrics across multiple datasets,
including WQA, IQAD, and MS-MARCO. For Answer Sentence Selection (AS2) tasks,
SQuArE outperforms the AVA-TR, AVA-QT, and AVA-TQR techniques across all met-
rics (Accuracy, AUROC, and Correlation). Specifically, for the WQA dataset, SQuArE
achieves an accuracy of 0.833, an AUROC of 0.896, and a correlation of 0.793, all of
which are higher than the other methods.

In the case of the IQAD dataset, SQuArE shows a significant improvement over the
baseline, with an increase of +22.24% in accuracy, +14.01% in AUROC, and +16.062%
in correlation. This indicates that SQuArE is particularly effective in leveraging multi-
ple references to enhance evaluation accuracy.

For Answer Generation (GenQA) tasks on the MS-MARCO dataset, SQuArE again
demonstrates superior performance with an accuracy of 0.895, an AUROC of 0.832,
and a correlation of 0.629. These results highlight the robustness of SQuArE in both
extractive and generative QA evaluations.

Zero-shot Evaluation Performance Table 4.4 presents the zero-shot evaluation
performance of various techniques across different datasets. The results indicate that
SQuArE consistently outperforms the AVA-based techniques in both Answer Sentence
Selection (AS2) and Answer Generation (GenQA) tasks.

1https://github.com/google-research-datasets/answer-equivalence-dataset
2https://huggingface.co/tiiuae/falcon-7b-instruct
3https://huggingface.co/tiiuae/falcon-40b-instruct
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Dataset Technique # Refs Accuracy AUROC Correlation

Answer Sentence Selection (AS2)

WQA

AVA-TR 1 0.734 0.809 0.716
AVA-QT 0 0.790 0.851 0.750
AVA-TQR 1 0.809 0.873 0.771
SQuArE 5 0.833 0.896 0.793

IQAD

AVA-TR 1 Baseline Baseline Baseline
AVA-QT 0 +1.94% -0.393% +0.682%
AVA-TQR 1 +8.02% +5.7% +6.178%
SQuArE 5 +22.24% +14.01% +16.062%

Answer Generation (GenQA)

MS-MARCO

AVA-TR 1 0.882 0.768 0.610
AVA-QT 0 0.882 0.777 0.623
AVA-TQR 1 0.878 0.790 0.636
SQuArE 5 0.895 0.832 0.629

Table 4.3: Results on WQA, IQAD, MS-MARCO measured using Accuracy, Area under
the curve, and Pearson Correlation with gold labels. Results on IQAD are relative to
the AVA-TR baseline (due to data being internal). # Refs refers to the total number
of reference answers used for the metric.

For instance, in the WikiQA dataset, SQuArE achieves the highest accuracy (0.919)
and AUROC (0.851), significantly surpassing AVA-TR, AVA-QT, and AVA-TQR. Sim-
ilarly, for TrecQA, SQuArE demonstrates superior performance with an accuracy of
0.924 and an AUROC of 0.969, highlighting its robustness in zero-shot settings.

In the context of Answer Generation, SQuArE shows marked improvements in both
MS-MARCO and WikiQA datasets. For MS-MARCO, SQuArE achieves the highest ac-
curacy (0.845) and AUROC (0.773), indicating its effectiveness in evaluating generative
QA models.

Comparison with BEM and LLM Baselines Table 4.5 compares SQuArE with
the BEM and Falcon (LLM) baselines on the WikiQA, TrecQA, and AE datasets. In
the WikiQA dataset, while Falcon-40B achieves the highest accuracy (0.963), SQuArE
provides a more balanced performance with a competitive accuracy (0.919) and the
highest AUROC (0.851). This demonstrates SQuArE’s ability to maintain high evalu-
ation quality while being robust across different metrics.

For the TrecQA dataset, SQuArE outperforms both BEM and Falcon-40B, with
an accuracy of 0.924 and an AUROC of 0.969. This highlights the effectiveness of
incorporating multiple references in SQuArE for more accurate QA evaluation.

On the AE dataset, SQuArE (fine-tuned on AE) surpasses BEM in both accuracy
(0.908) and AUROC (0.966), further validating the advantage of using a diverse set of
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Dataset Technique Accuracy AUROC Correlation

Answer Sentence Selection (AS2)

WikiQA

AVA-TR 0.701 0.633 0.532
AVA-QT 0.900 0.804 0.637
AVA-TQR 0.903 0.805 0.632
SQuArE 0.919 0.851 0.676

TrecQA

AVA-TR 0.911 0.913 0.816
AVA-QT 0.885 0.927 0.737
AVA-TQR 0.906 0.972 0.797
SQuArE 0.924 0.969 0.842

Answer Generation (GenQA)

MS-MARCO

AVA-TR 0.843 0.683 0.587
AVA-QT 0.772 0.693 0.580
AVA-TQR 0.839 0.738 0.601
SQuArE 0.845 0.773 0.620

WikiQA

AVA-TR 0.692 0.670 0.602
AVA-QT 0.627 0.798 0.667
AVA-TQR 0.671 0.811 0.678
SQuArE 0.694 0.819 0.690

TrecQA

AVA-TR 0.847 0.784 0.615
AVA-QT 0.709 0.816 0.612
AVA-TQR 0.779 0.857 0.647
SQuArE 0.890 0.818 0.671

Table 4.4: Zero-shot evaluation using QA evaluation models trained on WQA. Same
metrics used as Table 4.3.

reference answers.

Comparison with Text Similarity Metrics Table 4.6 provides the Pearson corre-
lation of SQuArE, BLEURT, and BERTScore with human annotations on the GenQA-
MTURK dataset. SQuArE demonstrates higher correlation with human evaluations
compared to BLEURT and BERTScore across all datasets (MS-MARCO, WikiQA, and
TrecQA). This underscores the effectiveness of SQuArE in providing a more human-
aligned evaluation metric for generative QA models.

System-wise Evaluation Table 4.7 presents the system-wise evaluation on three
datasets (MS-MARCO, WikiQA, TREC-QA) using six different systems based on gen-
erative question-answering models trained on MS-MARCO. The table compares the
performance of SQuArE with BLEURT and BERTScore, demonstrating that SQuArE
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Dataset Approach # Refs Accuracy AUROC

WikiQA

BEM 1 0.863 0.553
Falcon-7B 1 0.081 0.448
Falcon-40B 1 0.963 0.499
SQuArE 5 0.919 0.851

TrecQA

BEM 1 0.866 0.819
Falcon-7B 1 0.601 0.529
Falcon-40B 1 0.848 0.509
SQuArE 5 0.924 0.969

AE
BEM 1 0.897 0.959
SQuArE 1 0.572 0.718
SQuArE(AE) 1 0.908 0.966

Table 4.5: Comparing SQuArE against BEM and LLM baselines on the WikiQA,
TrecQA, and AE datasets. The BEM baseline is trained on the AE dataset. We
use the same metrics as Table 4.3.

Dataset SQuArE BLEURT BERTScore

MS-MARCO 0.238 0.142 0.168
WikiQA 0.425 0.219 0.233
TrecQA 0.862 0.341 0.646

Table 4.6: Pearson Correlation of evaluation metrics with human annotations on
GenQA-MTURK.

achieves the highest accuracy and correlation with human annotations across most sys-
tems and datasets.

Ablation Studies Table 4.8 provides the results of ablation studies that evaluate
the benefits of using negative references and the impact of the number of references
on the performance of SQuArE. The table includes comparisons of various configura-
tions, such as AVA-TQR(-) using only negative references and SQuArE(+) using only
positive references. The results indicate that the combination of both positive and neg-
ative references in SQuArE yields the highest performance across all metrics (accuracy,
AUROC, and correlation).

The study also explores the impact of varying the number of references, showing
that using five references results in the best performance, with an accuracy of 0.833,
AUROC of 0.896, and a correlation of 0.793. This demonstrates that a higher number
of diverse references enhances the evaluation quality of QA systems.
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Dataset Sys Accuracy SQuArE BLEURT BERTScore

MS-MARCO

1 0.946 0.881 0.772 0.732
2 0.901 0.913 0.578 0.486
3 0.958 0.779 0.569 0.485
4 0.878 0.781 0.578 0.496
5 0.880 0.761 0.689 0.620
6 0.906 0.768 0.714 0.658

WikiQA

1 0.804 0.513 0.514 0.406
2 0.803 0.316 0.447 0.331
3 0.826 0.323 0.491 0.360
4 0.791 0.306 0.480 0.350
5 0.804 0.557 0.669 0.623
6 0.837 0.609 0.579 0.510

TrecQA

1 0.874 0.769 0.563 0.324
2 0.976 0.830 0.557 0.409
3 0.968 0.932 0.482 0.498
4 0.871 0.643 0.491 0.420
5 0.968 0.868 0.628 0.442
6 0.976 0.917 0.580 0.595

Table 4.7: System-wise evaluation on MS-MARCO, WikiQA, and TREC-QA using
six different systems based on generative question answering models trained on MS-
MARCO. The accuracy column reflects manual annotations by professional annotators,
while the remaining columns show results computed using SQuArE, BLEURT, and
BERTScore.

Technique # Refs Accuracy AUROC Correlation

AVA-TQR(-) 1 0.800 0.864 0.763
SQuArE(+) 5 0.815 0.885 0.783
SQuArE 3 0.821 0.889 0.787
SQuArE [1,5] 0.820 0.889 0.786
SQuArE 5 0.833 0.896 0.793

Table 4.8: Ablation studies evaluating the benefits of using negative references and the
impact of a number of references on the performance of SQuArE. AVA-TQR(-) and
SQuArE(+) refer to an AVA model that only uses negative references and a SQuArE
model that only uses positive references. # Refs is the total number of references used
for the metric. [1,5] refers to the number of references being randomly sampled ∈[1, 5].
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4.4 Qualitative Error Analysis

While SQuARe significantly improves evaluation accuracy, it is instructive to exam-
ine common error types in traditional metrics and how SQuARe mitigates them. In
the following, we break the analysis into smaller examples, each followed by a brief
commentary, to illustrate the limitations of traditional metrics and the corresponding
improvements offered by SQuARe.

Example 1: Lexical Overlap Bias. Traditional metrics like BLEU and ROUGE
rely on exact n-gram matching and often fail to recognize valid paraphrases. Consider
the following example:

Example 4.4.1: Lexical Overlap Bias Example

Question: What is a band?

Reference:

A band is a group of people who perform music.

System Output:

A band is a group of musicians.

BLEU Score: Low (due to n-gram mismatch).
SQuARe Score: High (correctly captures semantic equivalence).

This example shows that while traditional metrics penalize acceptable lexical vari-
ations, SQuARe overcomes this limitation by using contextual embeddings to capture
semantic similarity.

Example 2: Factual Hallucination. Another error occurs when outputs that are
lexically similar to the reference still contain factual inaccuracies.

Example 4.4.2: Factual Hallucination Example

Question: When was the Eiffel Tower built?

Reference:

The Eiffel Tower was completed in 1889.

System Output:

The Eiffel Tower was built in 1921.

BLEU Score: Moderately high (due to lexical overlap).
SQuARe Score: Low (penalizes factual inaccuracy via negative references).
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Here, although the system output shares lexical similarity with the reference, it
contains a factual error. SQuARe’s use of negative references ensures such errors are
appropriately penalized.

Example 3: Reference Variability. Single-reference setups may undercount valid
alternative answers. This example illustrates the benefit of incorporating multiple ref-
erences.

Example 4.4.3: Reference Variability Example

Question: Who is Barack Obama?

Single Reference:

Barack Obama served as the 44th president of the United States.

Multiple References:

1) Barack Obama was the 44th president of the United States.
2) Barack Obama held office from 2009 to 2017.

System Output:

Barack Obama served as the 44th president of the United States.

BLEU Score: Low (if only one reference is used and phrasing differs).
SQuARe Score: High (by integrating multiple valid references).

Using multiple references, SQuARe better captures the range of acceptable answers,
addressing the variability that single-reference evaluations miss.

Example 4: Context Ignorance. Traditional metrics often ignore the discourse-
level context and pragmatic nuances of a response. The following example demonstrates
this issue:

Although the system output shares some key terms with the reference, it omits
important contextual details. SQuARe evaluates full answer structures to ensure that
coherence and pragmatic relevance are rewarded. Overall, these examples illustrate how
SQuARe addresses the limitations of traditional metrics, mitigating lexical overlap bias,
factual hallucination, reference variability, and context ignorance, thereby achieving
evaluations that more closely mirror human judgment.
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Example 4.4.4: Context Ignorance Example

Question: Describe the process of photosynthesis.

Reference:

Photosynthesis is the process by which green plants and some other
organisms use sunlight to synthesize nutrients from carbon dioxide
and water.

System Output:

Photosynthesis converts sunlight into energy.

BLEU Score: High (due to shared keywords).
SQuARe Score: Low (penalizes the lack of contextual detail).

4.4.1 Metrics Comparison

To further illustrate the superiority of SQuARe over traditional metrics, we provide a
series of explicit examples using the examplebox environment. Each example is followed
by a brief comment that connects it to the next, highlighting how BLEU/ROUGE can
misjudge answer quality while SQuARe succeeds.

Example 4.4.5: Capital of Australia Evaluation

Question: What is the capital of Australia?

Short Reference:

Canberra.

Long Reference:

Canberra is the capital city of Australia, located in the Australian
Capital Territory and home to many national institutions.

System Output:

The capital of Australia is Canberra.

BLEU Score with Short Reference: Low (due to insufficient n-gram overlap).
BLEU Score with Long Reference: Moderate (improved overlap with more
lexical content).
SQuARe Score: High (robust to variations in reference length).

This example demonstrates that BLEU is sensitive to the length and detail of the
reference; a short reference may yield a low BLEU score despite the output being
correct, whereas SQuARe remains robust regardless of reference length.
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Example 4.4.6: Eiffel Tower Construction Evaluation

Question: When was the Eiffel Tower built?

Positive Reference:

The Eiffel Tower was completed in 1889.

Negative Reference:

The Eiffel Tower was built in 1920.

System Output:

The Eiffel Tower was built in 1921.

BLEU Score: High (due to lexical overlap with the positive reference).
SQuARe Score: Low (penalizes the factual inaccuracy by incorporating the
negative reference).

In this case, BLEU fails to capture the factual error because of lexical similarity
with the positive reference, while SQuARe correctly lowers the score by leveraging the
negative reference, thus highlighting its robustness.

Example 4.4.7: Barack Obama Evaluation

Question: Who is Barack Obama?

Reference:

Barack Obama was the 44th president of the United States from 2009
to 2017.

System Output:

Barack Obama served as America’s 44th president between 2009 and
2017.

BLEU Score: Low (due to differences in phrasing and word choices).
SQuARe Score: High (recognizes the semantic equivalence despite surface dif-
ferences).

This example shows that even though the system output conveys the same meaning
as the reference, BLEU may penalize it for differing wording. In contrast, SQuARe
accurately evaluates the response based on its semantics.
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Example 4.4.8: Band Definition Evaluation

Question: What is a band?

Reference:

A band is a group of people who perform music.

System Output:

A band is a group of musicians.

BLEU Score: Moderate (due to missing specific lexical cues).
SQuARe Score: High (correctly recognizes the semantic equivalence).

This final example, similar to the previous one, underscores that SQuARe is robust
to paraphrasing variations, while BLEU may underperform due to its sensitivity to the
exact wording.

These explicit examples underscore how traditional metrics, limited by their reliance
on n-gram overlap and single-reference comparisons, can misjudge answer quality. This
sets the stage for a detailed analysis of the standard evaluation errors that motivate the
design of SQuARe.

Error Analysis

Traditional evaluation metrics such as BLEU and ROUGE rely on exact n-gram match-
ing, which can lead to several shortcomings when assessing generated text. For example,
as shown in Example 4.4.1, a focus on lexical overlap may cause valid paraphrases to be
overlooked. In that instance, while the metric misses the semantic similarity, SQuARe
overcomes this limitation by using transformer-based embeddings that capture deeper
meaning.

Example 4.4.9: Lexical Overlap Bias Analysis

Issue: Metrics like BLEU/ROUGE focus on exact n-gram matching and fail to
recognize valid paraphrases.

SQuARe Mitigation: Uses transformer-based embeddings to capture semantic
similarity, accounting for paraphrases.

Another issue arises when outputs contain factual inaccuracies yet still score highly
because of their lexical resemblance to the reference. This is evident in Example 4.4.1,
where even with factual errors the traditional metric gives a high score. SQuARe
mitigates this problem by incorporating negative references that penalize outputs with
incorrect facts.
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Example 4.4.10: Factual Hallucination Analysis

Issue: System outputs may include factual errors but still score high if lexically
similar.

SQuARe Mitigation: Incorporates negative references to penalize outputs that
are factually incorrect despite the lexical overlap.

The challenge of reference variability is also significant. As illustrated in Exam-
ple 4.4.1, relying on a single reference can fail to recognize multiple valid responses,
often resulting in unduly low scores for correct answers. By using multiple references,
SQuARe enables a more robust evaluation that acknowledges the diversity of acceptable
answers.

Example 4.4.11: Reference Variability Analysis

Issue: Single-reference evaluation cannot capture multiple correct answers, lead-
ing to low scores for valid outputs.

SQuARe Mitigation: Multiple references enable robust evaluation across di-
verse yet correct responses.

Lastly, traditional metrics often neglect the importance of context and pragmatic rel-
evance. Example 4.4.1 demonstrates that evaluating responses solely based on isolated
sentence structures can ignore discourse-level coherence. In contrast, SQuARe evalu-
ates complete sentence structures to ensure that contextual and pragmatic aspects are
properly rewarded.

Example 4.4.12: Context Ignorance Analysis

Issue: Traditional metrics ignore discourse-level context and pragmatic rele-
vance.

SQuARe Mitigation: Evaluates full sentence structures to ensure coherence
and contextual relevance are rewarded.

Together, these examples reveal that the limitations of conventional metrics ranging
from an overemphasis on surface-level lexical features to a failure in capturing con-
text and factual accuracy directly motivate the design choices behind SQuARe. By
emphasizing semantic coherence, pragmatic entailment, and discourse-level relevance,
SQuARe aligns more closely with human judgment and proves particularly effective for
generative QA tasks. This analysis highlights specific limitations of traditional metrics,
such as their inability to account for paraphrasing, factual inconsistencies, and context
variability. These shortcomings directly motivate SQuARe’s design choices, which are
further supported by key linguistic principles:

• Semantic Coherence: SQuARe captures the intended meaning and logical pro-
gression by analyzing complete sentence structures.
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• Pragmatics and Entailment: This model evaluates whether the generated
response logically follows the question, noticing details that n-gram metrics may
overlook.

• Discourse-Level Relevance: SQuARe capitalizes on multiple references to
model the variability of human language, ensuring that diverse yet accurate re-
sponses are properly recognized.

These principles enable SQuARe to evaluate answer quality in a manner that closely
mirrors human judgment, making it particularly effective for generative QA tasks.

4.5 Conclusion and Discussion
In this chapter, we presented SQuARe, a novel automatic evaluation metric for question-
answering (QA) systems that leverages multiple reference answers, both positive and
negative, to provide a comprehensive assessment of QA performance. Through extensive
experiments and comparisons with existing techniques, including BLEU, ROUGE, AVA,
BEM, and Falcon-based LLM approaches, SQuARe demonstrated superior performance
across various datasets and evaluation settings.

Our explicit examples (see Examples 4.2 and 4.2) illustrate why SQuARe outper-
forms traditional metrics, particularly in capturing valid paraphrases and penalizing
factual errors. The expanded error analysis (Sec. 4.4.1) categorizes common issues
with traditional metrics and shows how SQuARe’s integration of multiple and negative
references mitigates these shortcomings. By capturing semantic similarity, discourse
coherence, pragmatic relevance, and entailment, SQuARe provides an evaluation that
closely aligns with human judgment, addressing challenges that surface-level n-gram
metrics cannot overcome.

By addressing the limitations of existing evaluation metrics through explicit exam-
ples, detailed error analysis, and a strong linguistic foundation, SQuARe represents a
significant advancement in the automatic evaluation of QA systems. These contribu-
tions pave the way for more accurate and reliable QA model assessments in the field of
Natural Language Processing.
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Chapter 5

Knowledge Transfer From AS2 to
Generative QA

Generative Question Answering (GenQA) models, which provide conversational, com-
plete, and natural-sounding answers, have become a key focus in advanced Natural
Language Processing (NLP). Unlike extractive QA systems that pull a section of text
from a document, generative models create full, well-structured answers that fit the con-
text smoothly, without awkward grammar issues. These advanced models are highly
valuable for chatbots, search engines, and similar applications where clarity, flow, and
user engagement are top priorities.

A major challenge in building GenQA models is the lack of large, high-quality
training data created by humans. Gathering these datasets is expensive because human
reviewers need to carefully analyze questions, check context, and write proper responses.
This process is both costly and time-consuming, making high-quality data scarce and
slowing the spread of GenQA technology.

To address this problem, weak supervision methods have gained popularity. These
techniques allow generative models to learn from data created by other models instead
of relying entirely on human-labeled examples. One such method uses Answer Sentence
Selection (AS2) systems, which rank answers based on their quality. Predictions from
AS2 models can act as a substitute for human-labeled data, helping GenQA models
learn effectively while reducing the need for extensive manual work.

Our approach further distinguishes generative QA from extractive methods by em-
phasizing the generation of syntactically well-formed, contextually complete responses
with enhanced discourse coherence. By leveraging AS2 for data efficiency and aligning
with linguistic principles, our method ensures fluency and logical structure.

Moreover, our methodology diverges from traditional fine-tuning approaches such
as Reinforcement Learning from Human Feedback (RLHF) (Christiano et al., 2023),
Proximal Policy Optimization (PPO) (Schulman et al., 2017), and Direct Preference
Optimization (DPO) (Rafailov et al., 2023) by reducing direct reliance on human-in-the-
loop processes. Instead, we propose a supervised learning paradigm driven by knowledge
transfer across model classes. This paradigm simplifies training and enables scalable
improvements by using AS2 models to generate pseudo-labeled data for generative
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Figure 5.1: Overview of the Weak Supervision Technique

training.
To illustrate the potential of weak supervision, we propose two novel techniques:

1. AS2 Loss Weighting: Assigns weights to training examples based on AS2
scores, emphasizing higher-quality candidates.

2. Structured Conditioned Input & Output (SCI/O): Discretizes AS2 confi-
dence scores into structured buckets, enriching both input and output represen-
tations and enhancing the model’s ability to produce coherent answers.

By integrating these techniques, our framework enhances generative QA models
while reducing dependence on manually annotated data. It addresses the key limitations
of both AS2 and machine reading (MR) approaches. AS2 efficiently ranks candidates
but may lack contextual completeness, while MR provides high precision at a high
computational cost. Our approach synthesizes comprehensive answers from top-ranked
candidates.

In addition, the SCI/O technique encodes linguistic features such as sentence co-
hesion and discourse organization. Higher-ranked AS2 candidates tend to be more
semantically aligned with the question, reducing the risk of generating misleading or
verbose answers. By focusing on high-confidence outputs, our approach captures essen-
tial linguistic elements (e.g., subject-verb-object relationships) and uses SCI/O labels
as discourse markers, leading to more natural and coherent outputs.

Overall, our contributions, detailed in the paper "Knowledge Transfer from Answer
Ranking to Answer Generation" (Gabburo et al., 2022), highlight the transformative
potential of weak supervision in generative QA. By reducing dependency on manual
annotations and exploiting large-scale unlabeled datasets, this work sets the stage for
scalable, resource-efficient advancements in generative QA research and offers a prac-
tical pathway toward developing conversational, human-like QA systems capable of
addressing real-world challenges.
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5.1 Generative Models for Question Answering

In this section, we provide an overview of recent advances in generative QA. We first
review techniques for answer generation, which focus on producing complete and natural
responses, and then discuss transfer learning methods that enable efficient training of
generative QA models by leveraging discriminative approaches.

5.1.1 Answer Generation for QA

Answer generation for MR has been studied by Izacard and Grave (2021); Lewis et al.
(2020b), while Iida et al. (2019); Goodwin et al. (2020); Deng et al. (2020) have studied
question-based summarization (QS). Asai et al. (2022b) incorporate the evidentiality
of retrieved passages for training a generator, evaluated for the QA task of open-domain
MR span-extraction. Xu et al. (2021) obtain extractive answer spans from a generative
model by leveraging the decoder cross-attention patterns. Fajcik et al. (2021) combine a
generative reader with an extractive reader to aggregate evidence from multiple passages
for open-domain span-extraction.

All the previously described approaches focus on identifying short answer spans for
answering questions. Research on generating complete sentences as answers (similar
to answer sentences produced by extractive AS2 systems) is rarer, but includes Hsu
et al. (2021), that propose a QA pipeline for GenQA (refer Fig. 5.1). This pipeline
starts with an AS2 model that selects ‘good’ answer candidates that are then used
to generate the answer. Hsu et al. learn to generate natural responses to questions
using the top-ranked candidates from the AS2 model as an input context to the GenQA
model. GenQA has also been explored for multilingual QA (Muller et al., 2022) by
extending the answer generation approach to a multilingual setting, where the answer
candidates (that are used as input to the GenQA model) can be from a mix of different
languages.

In all these works, a major challenge is finding training data for effectively training
GenQA models, which requires annotator-authored natural responses. In this work, we
alleviate this problem by showing that it is possible to use AS2-ranked candidates to
create the input context and output target for training GenQA, achieving state-of-the-
art results.

5.1.2 Transfer Learning

Transfer learning is well studied in NLP, including pre-training (Devlin et al., 2019; Liu
et al., 2019), multi-task learning (Luong et al., 2015a), cross-lingual transfer (Schuster
et al., 2019) and domain adaptation (Gururangan et al., 2020). Our work is squarely
located in this space: our underlying language models are based on pre-training for text
generation (Radford and Narasimhan, 2018; Raffel et al., 2020b); our main contribution
is to show that knowledge can be transferred sequentially from a ranking (discrimina-
tive) task to a generation task. Recently, Wang et al. (2022) proposed a new domain
adaptation method leveraging large unlabeled datasets and a query generator model.
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Izacard and Grave used retrieved text passages containing evidence to train a generative
model for open-domain QA.

5.2 Knowledge Transfer Techniques

In this section, we present two methods to effectively transfer knowledge from Answer
Sentence Selection (AS2) to Generative Question-Answering (GenQA). These methods,
AS2 Loss Weighting and AS2 Score Conditioned I/O Shaping (SCI/O Shaping) enhance
the quality and accuracy of GenQA models using weak supervision from an AS2 model.

5.2.1 AS2 Loss Weighting

Our first approach, AS2 Loss Weighting, employs the binary cross-entropy loss used for
training discriminative AS2 models to improve the GenQA model’s weakly supervised
training loss. By modifying the loss function, we can emphasize high-quality target an-
swers from AS2 based on their prediction scores. The AS2 prediction score, M(q, cM1),
provided by the AS2 model for the top-ranked answer candidate cM1 serves as the
weight for the GenQA loss term. This approach encourages the GenQA model to focus
more on high-scoring, accurate target answers during training and be less influenced by
lower-scoring, less precise answers.

LMG(q, cM1) =
1

Z
M(q, cM1)× LG(yr, cM1), (5.1)

Where LG(yr, cM1) is the standard loss function for generating each word in the
output sequence, and Z represents the normalizing constant for AS2 scores computed
on the training dataset.

The GenQA model’s training setup in Equation 5.1 resembles knowledge distillation
(KD), with the predictions of the AS2 model guiding the learning of the GenQA model.
The main distinctions lie in the fact that the teacher (AS2) and student (GenQA)
belong to different training paradigms, each using a discriminative classifier and gen-
erative models, respectively. Furthermore, standard KD techniques incorporate both
supervision from the teacher (KL divergence) and supervision from the labeled data
(Cross-Entropy) when teaching the student model. In contrast, our approach employs
only the supervision signal from the teacher model.

To demonstrate the effect of AS2 Loss Weighting in a more structured manner, we
present two simplified QA pairs in Example 5.2.1:
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Example 5.2.1: Loss Weighting and AS2 Confidence

Question 1: Who directed Inception? (AS2 Score: 0.98)

Christopher Nolan directed Inception.

Question 2: What is the capital of France? (AS2 Score: 0.45)

France’s main city is Paris, but many people visit Marseille.

Without AS2 Loss Weighting, the model treats both QA pairs equivalently. How-
ever, with our weighting strategy, the high-scoring pair (Question 1) contributes more
to the training objective, directing the GenQA model to prioritize learning from reliable
data. This reduces noise and improves generalization, especially when large unlabeled
corpora are used.

5.2.2 AS2 Score Conditioned I/O Shaping

Our previous discussion on AS2 Loss Weighting dealt with using the top-ranked answer
candidate’s AS2 prediction score to weigh the GenQA loss term. To account for the
untapped potential of other answer candidates’ AS2 scores, we introduce AS2 Score
Conditioned I/O Shaping.

We define a bucket function, F , that maps the AS2 prediction score of a QA pair,
M(q, a), to a confidence bucket label bi ∈ [b1, . . . , bl]. The function assigns a label to
an answer candidate according to its score interval within the normalized interval [0, 1].
Now, we can prepend each input answer candidate with its respective bucket label bj
in the sequence:

Input: q[SEP ]b2 cM2 [SEP ] . . . [SEP ]bk+1 cMk+1
.

Similarly, we prepend the target answer candidate with its bucket label b1:

Target: b1 cM1 .

The prepending of bucket labels to input/output candidates enables more effective
knowledge transfer, keeping the model focused on high-quality answer candidates during
training. This can be solely used or combined with the AS2 Loss Weighting method. At
decoding time, the generated bucket label token could also serve as a simple confidence
score for answers from the GenQA model. We can also force generation to start from
any of the bucket tokens and examine the effects on the GenQA model’s output.

By incorporating these techniques, we enhance the GenQA model’s ability to gener-
ate accurate and high-quality answers, leveraging the strengths of AS2 models through
weak supervision.

In Example 5.2.2, we illustrate how confidence buckets guide the model to differen-
tiate between high-confidence and low-confidence inputs:

By leveraging discrete confidence labels, the GenQA model more accurately handles
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uncertain candidates. This structured input method can also be extended to the output
side, allowing for explicit confidence tagging in the generated responses.

Example 5.2.2: Score-Conditioned Responses

Bucket Label: Highly Confident

Question: Who won the 2022 FIFA World Cup?

AS2 Selected Answer:

Argentina won the 2022 FIFA World Cup.

GenQA Output:

Argentina won the 2022 FIFA World Cup under coach Lionel Scaloni.

Bucket Label: Uncertain

Question: Which team was most popular in the 2022 World Cup?

AS2 Selected Answer:

Brazil, Argentina, and France had significant support.

GenQA Output:

Many teams had supporters, but it’s unclear which was most popular.

5.3 Experiments

This section describes the experiments conducted to evaluate our proposed weak su-
pervision techniques. We detail the datasets used, the hyperparameters selected, the
computational setup, the checkpoint selection process, and the evaluation methodology.

Data and Datasets

We conducted experiments on three primary datasets: MS-MARCO, WikiQA, and
TrecQA, as well as an industrial dataset for evaluation. These datasets were chosen for
their diversity and relevance to QA tasks.

MS-MARCO Datasets The MS-MARCO datasets contain question-answering (QA)
and natural language generation (NLG) data. They are widely used benchmarks
for evaluating QA systems. We generated weakly supervised training data using a
RoBERTa-Large AS2 model on ASNQ and employed the human-annotated split for
evaluation. MS-MARCO QA includes 655,006 questions and 19,543,964 question-
answer pairs, while MS-MARCO NLG consists of 153,725 questions and 4,694,170
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Dataset Split # of Questions QA Pairs
MS-MARCO QA Train 655006 19543964
MS-MARCO QA Dev 1000 29309

MS-MARCO NLG Train 153725 4694170
MS-MARCO NLG Dev 1000 28353
MS-MARCO NLG Test 1000 28529

WikiQA Train (clean) 857 8651
WikiQA Dev (clean) 121 1126
WikiQA Test 633 6165

TrecQA Train 804 32964
TrecQA Dev 216 9590
TrecQA Test 340 13416

Table 5.1: Datasets statistics.

question-answer pairs. The comprehensive statistics of these datasets are reported in
Table 5.1.

WikiQA and TrecQA Datasets WikiQA and TrecQA are smaller datasets used
to evaluate information-seeking and passage retrieval tasks, respectively. WikiQA con-
tains 857 questions and 8,651 question-answer pairs, whereas TrecQA consists of 804
questions and 32,964 question-answer pairs. For these datasets, we utilized the original
test splits during evaluation and compared our weakly-supervised approaches, denoted
as WS, LW, and SC, against an AS2 baseline and several supervised GenQA baselines
using ground-truth labels.

Industrial Dataset Due to confidentiality reasons, detailed statistics of the indus-
trial dataset, including the number of questions and question-answer pairs, are not
disclosed. However, this dataset provided a real-world benchmark to assess the effec-
tiveness of our techniques.

Hyperparameter Selection

For our experiments, we considered various combinations of hyperparameters, including
the learning rate ∈ {1e−6, 5e−5, 1e−4}, the number of answer candidates considered
k ∈ {5,max}, batch size ∈ {64, 128, 256}, and precision ∈ {16, 32}, along with both
Adam (Kingma and Ba, 2015) and Adafactor (Shazeer and Stern, 2018) optimizers. We
identified the best hyperparameter combination by manually evaluating model outputs
on a reduced version of the MS-MARCO NLG dataset. For decoder configurations,
we performed a qualitative evaluation using different parameters to select the optimal
settings: beam search of 5 and ensuring the generated answer contains between 6 and
100 tokens.
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5.3. Experiments

Computational Setup

Our experiments were performed on 8 NVIDIA A100 GPUs (each with 40GB RAM)
using Distributed Data-Parallel (DDP)1 as our distributed training strategy. The ex-
tensive computational resources allowed us to train models efficiently, with training
on MS-MARCO datasets taking approximately 6 days per model and TREC-QA and
WikiQA experiments taking 4 hours each.

Checkpoint Selection using AS2 Model

We discovered that minimizing loss on the development set does not strictly corre-
late with high-quality answer generation according to human annotations. To address
this, we experimented with an alternative measure for best model checkpoint selection.
Specifically, we generated outputs for validation examples using each checkpoint and
scored them with an AS2 model. We used the AS2 model’s average scores as the metric
for selecting the optimal model checkpoint. The differences between using the loss on
the development split and the average AS2 score can be observed in Figure 5.2. Man-
ual evaluations indicated that AS2 scores correlated better with our judgments than
development set losses. Future work will explore this technique further.

5.3.1 Evaluation

We implemented manual evaluation performed by expert annotators to evaluate the
model’s performance. Instead of using an automated metric measure, like BLEU or
ROUGE, manual annotation was more desirable since it would provide fine-grained
assessments; in contrast, these metrics just provide lexical similarity assessments. The
accuracy measures for this evaluation are detailed in Chapter 4.

Utilizing the Amazon Mechanical Turk framework, we facilitated the manual evalu-
ation process for our model’s output. Annotation tasks were formulated for our skilled
pool of annotators (Turkers), who were required to evaluate a query, the answer pro-
duced by our model, and, when applicable (e.g., MS MARCO-NLG), a well-constructed
reference answer. Annotators determined if the generated answer correctly answered
the presented query for each query-answer pair (hit). They received a fee of $0.10
for each hit, and five distinct annotators were engaged. The selected annotators had
approval rates exceeding 95% and verified histories of over 500 approved hits.

Comparing human evaluations to BLEU scores from GenQA model outputs, BLEU
proved to be an unreliable performance metric for our task and evaluation conditions.
For the BLEU evaluation, two references were used for the generated target answer: (i)
the manually crafted response from MS-MARCO NLG and (ii) the top-ranked response
derived from the AS2 model acting as the knowledge transfer model. In Table 5.2, we
provide a comparison of the human evaluation rankings with those obtained from the
BLEU metrics, revealing a significant discrepancy between the two rankings.

1https://pytorch.org/docs/master/generated/torch.nn.parallel.
DistributedDataParallel.html

114

https://pytorch.org/docs/master/generated/torch.nn.parallel.DistributedDataParallel.html
https://pytorch.org/docs/master/generated/torch.nn.parallel.DistributedDataParallel.html


Chapter 5. Knowledge Transfer From AS2 to Generative QA
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Figure 5.2: These plots show the differences between using the dev. loss and the average AS2
model score as the measure for model checkpoint selection. Notice that the vertical dashed
red line is used to identify the best checkpoint (which is the one with the lowest loss in the
first plot, and the one with the highest average AS2 score in the second).
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5.4. Quantitative Results

Model Transfer Supervised BLEU BLEU
NLG answer AS2 answer

RoBERTa - - 34.76 100.0

T5 WS - 46.67 32.69
T5 WS+LW - 38.47 65.55
T5 WS+LW+SC - 38.85 63.76

T5 - (Hsu et al., 2021) 36.94 61.22
T5 WS+LW+SC (Hsu et al., 2021) 49.33 37.62

Table 5.2: Results using BLEU as the metric for measuring performance of answer generation.
We train the GenQA models on MS-MARCO NLG for the supervised setting, and MS-MARCO
QA for the knowledge transfer setting.

Additionally, we performed a qualitative evaluation of answers generated by our
models, focusing on (i) the variations between the generated answer and answer can-
didates used as input for GenQA and (ii) the manipulation of generated answers by
initiating decoding from diverse SCObucket label tokens.

5.4 Quantitative Results

We perform experiments in three data settings to evaluate different features of our
method. On the MS-MARCO datasets, we show that weak supervision can augment
strong models trained on in-domain data. On WikiQA and TREC, we show that weak
supervision of large data improves over direct supervision of small data for this QA
task. We also present an experiment on a very large industrial dataset to measure the
contribution of each of our proposed techniques for using unlabeled training data at
scale.

5.4.1 Comparison with fully supervised approaches

These experiments aim at (i) understanding the effectiveness of our weakly supervised
methods (WS, LW and SC) and (ii) comparing them with a GenQA state-of-the-
art model, which is trained using fully supervised training data. We create weakly
supervised data with a RoBERTa-Large AS2 model trained on ASNQ by applying it
to the MS-MARCO QA dataset. It is important to note that, in this setting, during
the training, both the student and the teacher models do not have any knowledge of
the original labels of MS-MARCO QA as we consider this dataset to be unlabeled. We
compare our approach against a supervised GenQA model baseline (Hsu et al., 2021),
which is trained on MS-MARCO NLG. The MS-MARCO NLG dataset is much smaller
than MS-MARCO QA but has higher quality answers as the targets since they are
manually written. We also investigate a two-stage training strategy, by first applying
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Approach Model Unlabeled: MS-MARCO QA Labeled: MS-MARCO NLG Accuracy (%)
Used Training Strategy (Ours) Used Training Strategy

AS2 RoBERTa-Large ✗ - ✗ - 79.3

GenQA

T5 - Large ✓ WS ✗ - 79.9
T5 - Large ✓ WS + LW ✗ - 81.5
T5 - Large ✓ WS + SCI ✗ - 82.0
T5 - Large ✓ WS + SCO ✗ - 82.5
T5 - Large ✓ WS + LW + SC ✗ - 83.7
T5 - Large ✗ - ✓ (Hsu et al., 2021) 82.6
T5 - Large ✓ WS + LW + SC ✓ (Hsu et al., 2021) 85.3

Table 5.3: Results on the test split of MS MARCO-NLG for different training paradigms of
GenQA models. The weak supervision is provided by a RoBERTa-Large AS2 model trained
on ASNQ. We compare with a fully supervised GenQA baseline (Hsu et al., 2021) trained on
the train split of MS MARCO-NLG.

our knowledge transfer approach, followed by the supervised training to understand
if the two approaches are complementary or essentially capture similar information.
Manual annotators evaluate all models on the same MS-MARCO NLG test set.

We present the results on the MS-MARCO NLG test set in Table 5.3. The baseline
zero-shot accuracy of the AS2 model on this data is 79.3, and the baseline accuracy of the
fully supervised GenQA model (Hsu et al., 2021) is 82.6. Our weak supervision (WS)
transfer technique, which does not use any answers written by annotators as targets,
shows improvements over the AS2 baseline (0.6%). This shows that our approach can
transfer information learned by an AS2 model from ASNQ (a large labeled dataset)
into a GenQA model.

Ablating each of the approaches (LW,SCI,SCO) individually in addition to WS,
we observe consistent improvements (+1.6, +2.1 and +2.6% respectively) over the per-
formance of WS, indicating that the AS2 scores can help in the knowledge transfer.
Additionally, combining all the approaches with WS significantly improves the perfor-
mance and surprisingly can even outperform the supervised GenQA baseline (by 1.1%
= 83.7-82.6). This shows that the knowledge transferred by our approach from ASNQ
exceeds what can be learned from MS-MARCO NLG.2

Finally, when we combine our weak supervised training techniques with the super-
vised training in a two-stage pipeline, we observe very significant performance gains,
e.g., 2.7% over the supervised approach. This shows that (i) the information in MS-
MARCO NLG is complementary to the knowledge transferred from ASNQ, and (ii)
our approach is effective in transferring knowledge from a discriminative ranker to a
downstream GenQA model.

5.4.2 Scarce Data Setting

In this experiment, we measure the quality of our weak supervision approaches by
evaluating their performance on two popular AS2 benchmark datasets: WikiQA and

2MS-MARCO NLG is larger than ASNQ, but the latter is a much higher quality dataset in terms
of diversity and complexity of questions and answer annotations
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5.4. Quantitative Results

Approach Unlabeled (MS-MARCO QA) Labeled (WikiQA Train) Accuracy (%)
Used Training Strategy Used Training Strategy

AS2 ✗ - ✓ Fine-tuning 78.3

GenQA
✓ WS + LW + SC ✗ - 78.7
✗ - ✓ (Hsu et al., 2021) 72.9
✓ WS + LW + SC ✓ (Hsu et al., 2021) 79.8

(a) WikiQA

Approach Unlabeled (MS-MARCO QA) Labeled (TREC-QA) Accuracy (%)
Used Training Strategy Used Training Strategy

AS2 ✗ - ✓ Fine-tuning 85.9

GenQA
✓ WS + LW + SC ✗ - 90.5
✗ - ✓ (Hsu et al., 2021) 80.7
✓ WS + LW + SC ✓ (Hsu et al., 2021) 89.8

(b) TREC-QA

Table 5.4: Results on the test split of WikiQA and TREC-QA. The weak supervision is
provided by RoBERTa-Large AS2 models trained respectively on WikiQA and TREC-QA.
We compare with a fully supervised GenQA baseline (Hsu et al., 2021) trained respectively
on the train split of WikiQA and TREC-QA using ground truth correct answers as the target
for generation. We use T5-Large for all GenQA models.

TREC-QA. We train the AS2 teacher model on this data and still use the unlabeled
data from MS-MARCO QA for performing the knowledge transfer. This way, we test
if our approach is applicable in real scenarios where data can be scarce, and no large
labeled data dataset is available (such as ASNQ or MS-MARCO NLG). Additionally,
we verify if our approach works for other domains and if fine-tuning GenQA on the
target domain data can help knowledge transfer in that domain, even in case of data
scarcity.

We compare our weakly-supervised approaches with an AS2 baseline and a GenQA
model trained on the target datasets using their ground-truth labels. We used the
original test splits of the datasets. Note that for these experiments, (i) we use the
best-performing strategy for our transfer learning, i.e., WS along with LW and SC,
and (ii) the AS2 baseline is the same model that we use to transfer knowledge on the
MS-MARCO QA.

From our results in Table 5.4, we make the following observations:

1. AS2 accuracy evaluated with our human annotations is around 10% lower than
results from previous works, e.g., (Zhang et al., 2021). As we use the same model,3,
the difference is due to the fact that we use the ‘raw’ test setting, which includes
questions with no correct answer candidates.

2. Our transfer learning techniques have better performance than both the AS2
3Starting from the https://huggingface.co/roberta-large checkpoint
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Chapter 5. Knowledge Transfer From AS2 to Generative QA

Approach Model Unlabeled: AQAD-U Accuracy (%)
Used Training Strategy

AS2 ELECTRA-Base ✗ - Baseline

GenQA
T5 - Base ✓ WS +1.34%
T5 - Base ✓ WS + LW +4.08%
T5 - Base ✓ WS + LW + SC +7.35%

Table 5.5: Results on AQAD-L for different training paradigms of GenQA models. All results
are reported in absolute % changes w.r.t the AS2 baseline.

model and the supervised GenQA baselines. For WikiQA, our knowledge transfer
approach, which has only seen unlabeled MS-MARCO data and no labeled train-
ing data from WikiQA, gets higher accuracy than both the AS2 baseline (+0.4%)
and a fully supervised GenQA baseline (+5.8%), which uses the ground truth
labels from the target datasets.

3. We observe the same trend for TREC-QA: our weakly supervised models improve
over both AS2 (4.6%) and supervised GenQA (9.8%) baselines.

4. In contrast to our observations from Table 5.3, the supervised GenQA baseline for
WikiQA and TREC-QA is less accurate than the AS2 baseline. We explain this
for two reasons: (a) the small size of these datasets (only a few thousand training
questions) might be insufficient to train a large T5 model for GenQA, and (b) the
usage of extracted answers as the target for generation instead of a human-written
and natural sounding answer affects the quality of answer generation.

5. Finally, supervised fine-tuning applied after our transfer learning only improves
performance on WikiQA. The WikiQA dataset has several questions without cor-
rect answers (∼40%). Fine-tuning on the supervised dataset reinforces the gen-
erator’s training on questions that have actual positive labels, thereby helping to
reduce noise and improving the final accuracy of the entire test set.

5.4.3 Industrial Setting

In this experiment, we aim to show that our experimental findings extend to very large-
scale and real-world data, i.e., non-representative de-identified customer questions from
Alexa virtual assistant. We use the 50M question AQAD-U corpus as the unlabeled QA
corpus for training the GenQA model, transferring the knowledge of an AS2 teacher
model (no human-authored answer is used for training fully-supervised GenQA models
on this data). We compare our methods for weak supervision against the AS2 teacher
model on the labeled test split: AQAD-L.

We present the results in Table 5.5 relative to the AS2 baseline due to the data being
internal, which is used as the ‘teacher’ for transferring knowledge to train the GenQA
model. For these experiments, we use T5-Base as the GenQA model (due to the large
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5.4. Quantitative Results

size of AQAD-U), and our results show that knowledge transfer from the AS2 model
using the unlabeled data surprisingly improves the accuracy of the baseline by 1.34%.
This indicates that the weak supervision provided by the AS2 model is able to train
a GenQA model that performs better than the AS2 teacher itself. Furthermore, using
loss weighting (LW) and input/output shaping (SC) significantly improves our weak
supervision approach. The T5-Base model trained using a combination of LW and SC
on the unlabeled AQAD-U corpus achieves an impressive 7.35% gain in accuracy over
the baseline AS2 model (which has been trained on labeled data with annotations for
answer correctness). used in Natural Language Processing and other fie
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Chapter 6

Reward Function for Generative QA
Based on Automatic Evaluators

Question Answering (QA) is a cornerstone task in Natural Language Processing (NLP),
requiring systems to retrieve, interpret, and generate accurate and contextually appro-
priate answers to user queries. Traditional QA systems have primarily focused on two
retrieval-based approaches: (i) Answer Sentence Selection (AS2), where candidate an-
swers are ranked based on their relevance to a given question (Garg et al., 2019), and
(ii) Machine Reading (MR), which identifies a specific text span within a document that
answers the question (Chen et al., 2017b). While these methods have shown effective-
ness, they face significant limitations: the reference text may lack critical information,
include distracting or irrelevant content, or express the answer in convoluted or indirect
ways. Moreover, stylistic or contextual dependencies may render extracted answers
unsuitable as standalone responses.

To address these challenges, researchers have shifted toward generative Question
Answering (GenQA), which leverages generative models to synthesize complete, co-
herent, and concise answers. Unlike MR approaches, which typically target short,
entity-focused answers, GenQA systems aim to generate full-sentence or paragraph-
level responses, making them better suited for open-domain abstractive QA. Recent
advancements in GenQA have demonstrated its potential to improve both answering
accuracy and style suitability by synthesizing information from multiple sources (Hsu
et al., 2021; Muller et al., 2022; Gabburo et al., 2022). However, training effective
GenQA models pose a significant challenge due to the high cost and difficulty of cre-
ating large-scale, high-quality training datasets, which typically require annotators to
rewrite answers into concise, natural-sounding responses.

This work investigates how automatic QA evaluation systems can be leveraged as
supervision signals for training and fine-tuning GenQA models. Recent research (Vu
and Moschitti, 2021a; Bulian et al., 2022) has shown that transformer-based QA eval-
uators can effectively assess the correctness of sentence-form answers using relatively
inexpensive annotations of correctness/incorrectness for question-answer pairs. Build-
ing upon this, we propose SQuArE, an advanced QA evaluation framework that extends
prior approaches by incorporating multiple reference answers and evaluating generative

121



6.1. Generating and Automatically Evaluating Answers

model outputs. SQuArE enables a robust evaluation of QA performance, providing a
foundation for innovative methods to improve GenQA training.

This Thesis introduces three novel techniques leveraging SQuArE to enhance GenQA
models:

• SQuArE-SDA (Static Data Augmentation): Augments the training dataset
by generating multiple answers for each question and retaining only high-scoring,
high-quality answers as determined by SQuArE.

• SQuArE-DDA (Dynamic Data Augmentation): Dynamically performs data
augmentation during each training epoch, adapting the augmented dataset to the
evolving state of the GenQA model.

• SQuArE-LW (Loss Weighting): Introduces a loss weighting mechanism that
prioritizes training samples associated with higher SQuArE scores, enabling the
model to focus on learning from high-quality answers.

Our empirical evaluation of two academic and one industrial dataset demonstrates
that these techniques significantly improve GenQA performance. Models trained with
SQuArE consistently achieve higher answering accuracy and generate answers with
enhanced quality, as reflected by superior SQuArE scores compared to baseline ap-
proaches.

By improving training methods for generative QA models, this work helps bridge
the gap between retrieval-based and generative approaches, leading to more effective
QA systems. These contributions marks a significant step toward enabling QA systems
that can generate high-quality, human-like answers efficiently and effectively.

6.1 Generating and Automatically Evaluating Answers

6.1.1 Answer Generation

Several research works (Izacard and Grave, 2021; Lewis et al., 2020c) have studied the
problem of generating short answer spans (typically entity level) for MR systems. The
most relevant of these works for GenQA is the work of Asai et al. (2022b), which
trains an answer generation model using the evidentiality of retrieved passages. Xu
et al. (2021) uses decoder cross-attention patterns to generate extractive answer spans.
Fajcik et al. (2021) generate answer spans by using a combination of a generative and
extractive reader (aggregating information over multiple passages). An independent but
related line of research is question-based summarization, and there have been several
research works in this field: (Iida et al., 2019; Deng et al., 2020).

Hsu et al. (2021) proposed the first formulation for generating complete answer
sentences using evidence retrieved by an answer sentence selection (AS2) model. This
model was termed GenQA, and it uses the top most relevant answer sentence candi-
dates for a question as an input context to an encoder-decoder model to generate a
natural-sounding complete answer sentence for this question. Muller et al. (2022) ex-
tend GenQA for multiple languages by using answer sentence candidates from multiple
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languages as input context for the GenQA model. Recently, Gabburo et al. (2022)
proposed training of GenQA models using unlabeled data by leveraging weak supervi-
sion from trained AS2 ranking models. This approach was shown to combine well with
the supervised GenQA approach (Hsu et al., 2021) to improve the answering accuracy.
Note that all of these approaches are different from the ones described in the previous
paragraph as they aim to generate complete answer sentences and not just short answer
spans.

6.1.2 Evaluation of QA Systems

Token level similarity metrics like BLEU (Papineni et al., 2002), ROUGE (Lin, 2004),
METEOR (Banerjee and Lavie, 2005), etc have been shown (Reiter, 2018a) to not
extend to sentence-form QA evaluation. For MR tasks, Yang et al. (2018a) adapt BLEU
and ROUGE metrics but limit their evaluation to only yes-no and entity questions. Si
et al. (2021) uses multiple gold reference answers (extracted from Knowledge Bases) to
be used as references for evaluating answer span extraction.

There have been several learnable automatic metrics: BERTScore (Zhang* et al.,
2020), COMET (Rei et al., 2020), BLEURT (Sellam et al., 2020), etc., that have been
proposed for some tasks in NLP such as MT and Summarization. These are based on
transformer encoder models. Chen et al. (2019) proposed extending BERTScore for MR
tasks using the question and paragraph context in addition to the answer. In a similar
line of work, Vu and Moschitti (2021a) propose AVA, an automatic QA evaluation
metric that learns a transformer to encode the question, a reference gold answer, and
the target answer to be evaluated. Very recently, Bulian et al. (2022) presented similar
findings as AVA by proposing BEM, which can be used for evaluating sentence-level
extractive QA (AS2). AVA and BEM have not been evaluated for GenQA systems
before. Hsu et al. (2021) and Gabburo et al. (2022) show that automatic metrics like
BLEU, BLEURT, and BERTScore do not correlate well with human judgments for
evaluating the accuracy of GenQA systems. We extend AVA for our experiments as the
automatic QA evaluation system.

6.2 Generative QA (GenQA)

Answer generation-based QA (GenQA) refers to a text generation model for generating
an answer to a question. Specifically, a generation model M is provided a question q and
some context as input and generates an answer g. Hsu et al. (2021) proposed GenQA for
generating natural-sounding complete answer sentences by leveraging labeled datasets
containing high-quality human-authored answers as the targets for generation.

Specifically, a dataset, D, for training a GenQA model, M, contains examples of the
format:

(
q, {a1, a2, . . . , ak}, t

)
where q is the question, {a1, . . . , ak} are the k answer

candidates used as input context to M, and t is the target output answer (GS human-
authored answer).

Gabburo et al. (2022) extended this line of work by proposing a novel approach
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6.3. SQuARe for Training GenQA

Figure 6.1: Illustrative representation of the SQuArE-Static Data Augmentation
(SQuArE-SDA) approach.

to train GenQA models using unlabeled data by transferring knowledge from an AS2
model (which is used to produce silver labels). Specifically, for each question q, the AS2
model is used to rank a set of answer candidates without any labels of correctness/in-
correctness. The top-ranked answer is used as the generation target for the GenQA
model, while the question, along with the following k top-ranked answers, is used as
the input for the GenQA model.

6.3 SQuARe for Training GenQA
In this section, we propose three approaches for training GenQA models using SQuArE.
Example 6.3.1 provides an insight into how SDA improves training data quality by
filtering out low-quality candidates. Although the AS2 system initially provides five
candidate answers, SQuArE discards two of them, one completely off-target and one
with unnecessary details, ensuring that only the best three answers are used. In this
way, all the noise produced by wrong, incomplete, or verbose candidates is filtered out
during the training. This targeted filtering aims to improve the quality of GenQA-
generated answers by reducing distracting or misleading content.

6.3.1 Static Data Augmentation (SQuArE-SDA)

We create new training examples starting from D, using a SQuArE model, E , and a
base GenQA model M0 (trained only on D). The new examples are added to D to
create an improved training corpus for learning an enhanced GenQA model, M.

For every question q ∈ D, along with its answer candidates {a1, . . . , ak} as input
context, we apply M0 to generate multiple possible answers {g1, g2, . . . , gl} using a
probabilistic decoding approach (Zarrieß et al., 2021). Then, we apply the SQuArE
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model to each generated answer gi to obtain SQuArE scores si, i.e., E(q, gi, {a1, . . . , ak}).
Using a predefined threshold θ, we filter and retain only those answers G = {gi : si ≥ θ}.
We then use these filtered answers as alternate targets to produce new training examples
for GenQA:

(
q, {a1, . . . , ak}, g

)
, where (q, {a1, . . . , ak}, t) ∈ D and g ∈ G. Figure 6.1

illustrates this approach.

Example 6.3.1: Example 1 – Training Data Enhancement via SDA

Question:How do I get from Washington, DC to Alexandria, VA?

Rank Candidate SQuArE Score
1 "Take the Metro." 0.96
2 "Board the Blue Line at Farragut North." 0.93
3 "Transfer at Rosslyn." 0.91
4 "Drive a taxi downtown." 0.42

5 "There are many ways; taking a bus might
be an option if you’re not in a hurry." 0.58

SQuArE Filtering Process: Among these five candidates, SQuArE selects only
the high-scoring answers (Candidates 1, 2, and 3) for use in training. Candidate
4 is clearly irrelevant, and Candidate 5, while not completely wrong, includes
extra content that does not directly answer the question.
Training Data for GenQA (after SDA): The final training instance is built
using only the three positive candidates. Consequently, during training, the model
learns from this refined, high-quality input set.

Generated without SDA Generated with SDA
"There are many ways to get there
you could take the Metro, drive a

taxi, or even take a bus."

"Take the Metro: board the Blue
Line at Farragut North and

transfer at Rosslyn."
Vague Correct

6.3.2 Dynamic Data Augmentation (SQuArE-DDA)

We extend the SQuArE-SDA approach by producing new examples at regular intervals
during training, e.g., at the beginning of every epoch. This dynamic data augmentation
makes the training process adaptive, as the GenQA model M continuously improves
and generates higher quality answers, which are then filtered by SQuArE to augment
subsequent training iterations.
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Example 6.3.2: Example 2 – Improved Specificity via DDA

Question: What is the recommended lifespan of a central air conditioner?

Epoch 1 Candidate Answers:

Rank Candidate SQuArE Score

1
"Usually, a central air conditioner lasts

10–15 years, but proper maintenance can
extend its life."

0.93

2 "About 10–15 years." 0.75

3 "A central air conditioner typically lasts
around 12 years." 0.70

Dynamic Data Augmentation (DDA) Process:
At epoch 1, the generative model is trained using these three high-quality candi-
date answers. The model synthesizes these inputs to generate a new answer. If
the generated answer achieves a high SQuArE score (e.g., 0.90), it is incorporated
into the candidate set for epoch 2. This continuous distillation process cleans and
enriches the training data, which is especially beneficial when the dataset is small.

Generated at epoch 1 SQuARe Score
"A central air conditioner typically

lasts between 10 and 15 years,
depending on usage and

maintenance."

0.88

Epoch 2 Updated Candidate Answers:

Rank Candidate SQuArE Score

1
"Usually, a central air conditioner lasts

10–15 years, but proper maintenance can
extend its life."

0.93

2
"A central air conditioner typically lasts
between 10 and 15 years, depending on

usage and maintenance."
0.88

3 "About 10–15 years." 0.75

4 "A central air conditioner typically lasts
around 12 years." 0.70

6.3.3 Loss Weighting (SQuArE-LW)

While SQuArE-SDA and SQuArE-DDA augment training data, SQuArE-LW directly
uses the SQuArE score to modify the GenQA training loss.

For training M with an example (q, {a1, . . . , ak}, t) ∈ D, we:
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Figure 6.2: Illustrative representation of the SQuArE-Loss Weighting (SQuArE-LW)
approach.

1. Compute the standard cross-entropy loss LG(t) on input (q, {a1, . . . , ak}) with
target t.

2. Run inference on (q, {a1, . . . , ak}) to obtain a generated answer g.

3. Compute the SQuArE score E(q, g, {a1, . . . , ak}), and weight the loss:

LSQuArE−LW =
(
1− E(q, g, {a1, . . . , ak})

)
× LG(t).

Additionally, we refine the input context: after obtaining the filtered set of gen-
erated answers G, we combine them with the original answers from D, forming A =
{a1, . . . , ak, t} ∪ G. We then use E to score A and select the top-ranked answer as the
target for GenQA, while the following k top-ranked answers are used as context. This
further improves both input quality and target answer quality. We call this combined
approach Dynamic Data Augmentation (SQuArE-DDA).

This example demonstrates the effectiveness of DDA as a continuous distillation
process. In epoch 1, three candidate answers with varying detail levels are used to
train the model. The model then generates a refined answer that, upon receiving a
high SQuArE score, is added to the candidate set in epoch 2. This dynamic refinement
helps clean the dataset and improves the overall quality of the model.

By emphasizing examples with low SQuArE scores, SQuArE-LW forces the model
to learn from challenging cases, thus improving generalization.
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Example 6.3.3: Example 3 – Conciseness and Accuracy via LW

Question: Who won the 2022 FIFA World Cup?

Candidate Answer (AS2 input):

Rank Candidate SQuArE Score
1 "Argentina won the tournament." 0.88

Training with Loss Weighting (LW):
Although during training, the model usually generates a single answer, for this
example, we obtain two outputs:

Bad Answer Good Answer

"Argentina won the World Cup."
(SQuArE score: 0.65)

"Argentina emerged as the
champion of the 2022 FIFA

World Cup, defeating France in
the final." (SQuArE score: 0.92)

The loss is weighted as (1−SQuArE score). Thus, the bad answer incurs a higher
loss weight of 1 − 0.65 = 0.35, while the good answer incurs a lower loss weight
of 1 − 0.92 = 0.08. This higher penalty for the bad answer forces the model to
learn from its error.

This example illustrates the loss weighting mechanism in action. During training,
the model generates an answer which is evaluated by SQuARe. A low SQuArE score
(0.65), results in a high loss weight (0.35) and is thus heavily penalized. In contrast,
the good answer, scoring 0.92, incurs a much lower loss weight (0.08) pushing the model
toward generating more accurate and informative answers over time.

6.4 Experiments

6.4.1 Datasets

For training and evaluating our models, we consider two academic and one industrial
dataset representing real-world customer questions. We used WQA, MS-MARCO, and
IQAD.

6.4.2 Models and Evaluation

For our experiments, we consider two types of models: (i) SQuArE evaluation models,
as described in Chapter 4, and (ii) GenQA models, using techniques described in Sec-
tion 6.3. For SQuArE E , we use a DebertaV3-Large (He et al., 2021) pre-trained model
using up to n = 5 reference answers per question. We train two SQuArE models: one
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Approach WQA MS-MARCO IQAD
Accuracy SQuArE-Score Accuracy SQuArE-Score Accuracy SQuArE-Score

GenQA-WS(Gabburo et al., 2022) 0.655 0.409 0.775 0.770 Baseline Baseline

(Ours) SQuArE-SDA 0.868 0.498 0.877 0.869 +8.55% -1.48%
(Ours) SQuArE-DDA 0.769 0.439 0.843 0.855 +9.85% +0.54%
(Ours) SQuArE-LW 0.796 0.527 0.794 0.784 +8.81% +0.51%

Table 6.1: Answering accuracy (manual evaluation) and AVA-Score on WQA, MS-
MARCO and IQAD datasets. Results on IQAD are presented relative to the baseline
(due to the data being internal). For WQA and MS-MARCO, we use an AVA model
trained on WQA, and for IQAD we use an AVA model trained on IQAD. Best results
for each dataset are highlighted in bold.

on WQA and one on IQAD, using the former for both public datasets. 1 For GenQA, we
consider a baseline model from Gabburo et al. (2022), which is a T5-Large (Raffel et al.,
2020b) encoder-decoder transformer trained using weak supervision on MS-MARCO.
We use this as the baseline GenQA model M0, and apply all our techniques: SQuArE-
SDA, SQuArE-DDA, and SQuArE-LW. Unless otherwise stated, we use θ = 0.9 for
both SQuArE-SDA and SQuArE-DDA. For the GenQA models, we take k = 5 answer
candidates as inputs and select the best checkpoint based on the highest AVA-Score on
the development set.

We perform human evaluation of generated answers using Amazon MTurk (5 an-
notations per QA pair, averaged). Turkers with an approval rate higher than 95%
and more than 500 approved hits were selected. Annotators evaluated each question,
the generated answer, and a correct reference answer. For each hit, turkers received
$0.10. We compute answering accuracy as the percentage of correct answers, and we
also evaluate using the automatic SQuArE metric.

6.4.3 Main Results

We evaluate GenQA models trained with our three proposed techniques in Table 6.1
using human evaluation of accuracy and SQuArE-Score (automatic evaluation). Across
all datasets, our approaches outperform the baseline and improve GenQA training.

Specifically for WQA, the SQuArE-SDA approach achieves the highest answering
accuracy (improving by +21.3% points over the baseline). This ideal case benefits from
having a SQuArE model trained on the same dataset. We also observe improvements in
the SQuArE score for our approaches, although the relative ordering does not perfectly
correlate with human rankings.

On MS-MARCO, SQuArE-SDA again achieves the highest answering accuracy (+10.2%
over baseline), with a perfect correlation between human evaluation and SQuArE. This
demonstrates the transferability of using SQuArE for training GenQA across distri-
butions (the SQuArE model here is trained on WQA since MS-MARCO lacks human

1WQA contains human annotations of answer correctness, which can be used as references for train-
ing a strong SQuArE model. The sentence version of MS-MARCO does not have human annotations
of answer correctness.
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Figure 6.3: Comparison of baseline GenQA-WS and AVA-LW on WQA in terms of
GAVA-Score (on validation split) varying across training epochs (GAVA-LW achieves
higher GAVA-Score throughout training).

annotations).
On the industrial dataset, IQAD, the SQuArE-LW loss weighting approach achieves

the highest accuracy (+9.85% relative improvement over baseline). These results sup-
port our approach in real-world customer question scenarios.

6.4.4 Analysis and Ablations

Variation of SQuArE Score over Training: To understand how the SQuArE score
of our proposed techniques improves over the baseline, we plot its variation over training
epochs on the MS-MARCO dataset for SQuArE-LW. As shown in Fig. 6.3, SQuArE-LW
consistently achieves a higher SQuArE score than the GenQA baseline, demonstrating
effective knowledge transfer.
Variation of Threshold θ for SQuArE-SDA: We study the impact of the parameter
θ using values {0.5, 0.7, 0.9} on the MS-MARCO dataset. Results in Table 6.3 and
Fig. 6.4 indicate that a higher θ yields better GenQA accuracy and higher SQuArE
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Approach Manual SQuArE-Score BLEURT BERTScore BLEU

GenQA-WS 0.775 0.770 0.587 0.492 30.8
SQuArE-SDA(θ=0.5) 0.846 0.857 0.578 0.496 35.2
SQuArE-SDA(θ=0.7) 0.861 0.864 0.576 0.491 34.9
SQuArE-SDA(θ=0.9) 0.877 0.869 0.573 0.486 34.1
SQuArE-DDA 0.843 0.855 0.627 0.541 38.1
SQuArE-LW 0.794 0.784 0.627 0.502 32.2

Correlation (Pearson) 0.979 -0.429 -0.035 0.679
Correlation (Spearman’s) 1 -0.812 -0.6 0.429

Table 6.2: Evaluation of different GenQA models using automatic evaluation met-
rics: BLEU, BLEURT, BERTScore in addition to SQuArE-Score on the MS-MARCO
dataset. We present the correlation each metric achieves with human annotation.
SQuArE achieves the best correlation with human evaluation of answer accuracy.

θ | Augmented Set | Accuracy SQuArE-Score

0.5 91.348 0.846 0.857
0.7 84.272 0.861 0.864
0.9 69.557 0.877 0.869

Table 6.3: Variation of GenQA accuracy by changing θ for SQuArE-SDA approach, on
the MS-MARCO dataset. We present human and automatic (SQuArE-Score) evalua-
tion. | Augmented Set | indicates the number of data augmentation examples created
using a particular value of θ (Lower θ → more augmentation examples).
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Figure 6.4: Comparison of three different GAVA-SDA models trained on MS-MARCO
using different thresholds θ in terms of GAVA-Score (on validation split) varying across
training epochs. The model trained with the largest value of θ achieves the highest
GAVA-Score.

scores throughout training.

Correlation with other Automatic Metrics We perform a study to analyze how
well can other automatic evaluation metrics perform for the task of evaluating answer
generation. Specifically, we consider BLEU, BLEURT, and BERTScore. We use the
MS-MARCO dataset and evaluate several different GenQA models trained using our ap-
proaches. We evaluate performance using each of these automatic metrics and SQuArE
and present the Pearson and Spearman’s rank correlation between these metrics and
the manual evaluation in Table 6.4. From the table, we observe that SQuArE achieves
the strongest correlation with human evaluation, highlighting its efficacy to be used as
an automatic QA evaluation metric. Other text similarity matching metrics achieve
poor correlation with the human annotation of answer correctness.
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Approach Manual SQuArE-Score BLEURT BERTScore BLEU

GenQA-WS 0.775 0.770 0.587 0.492 30.8
SQuArE-SDA(θ=0.5) 0.846 0.857 0.578 0.496 35.2
SQuArE-SDA(θ=0.7) 0.861 0.864 0.576 0.491 34.9
SQuArE-SDA(θ=0.9) 0.877 0.869 0.573 0.486 34.1
SQuArE-DDA 0.843 0.855 0.627 0.541 38.1
SQuArE-LW 0.794 0.784 0.627 0.502 32.2

Correlation (Pearson) 0.979 -0.429 -0.035 0.679
Correlation (Spearman’s) 1 -0.812 -0.6 0.429

Table 6.4: Evaluation of different GenQA models using automatic evaluation met-
rics: BLEU, BLEURT, BERTScore in addition to SQuArE-Score on the MS-MARCO
dataset. We present the correlation each metric achieves with human annotation.
SQuArE achieves the best correlation with human evaluation of answer accuracy.

6.4.5 Qualitative results

We perform a qualitative analysis highlighting anecdotal examples to study success and
failure cases of our answer-generation approach. Specifically, we pick the MS-MARCO
dataset and the SQuArE-DDA approach, and present both success and failure cases of
answer generation to gain insights into the strengths and limitations of our approach.

Table 6.5 shows instances where SQuArE-DDA successfully generates accurate an-
swers. These examples highlight various sub-tasks that the model implicitly performs.
Firstly, the model demonstrates its ability to synthesize information from multiple an-
swer candidates. For example, for the question "How do I get from DC to Alexandria
VA?", the model correctly synthesized information from each of the reference answer
candidates into the generated answer about the Metrorail service connecting the two
locations. Second, the model exhibits reasoning capabilities highlighting identification
of the correct reference answer candidate, along with improving it’s style suitability for
answering the input question. This is observed in the second example with the question
"How long should a central air conditioner last?", where the model identified the first
reference "10 to 20 years - sometimes longer" to contain the most relevant information
for answering the question. At times, the model acts as an answer sentence selection
(AS2) model that simply re-ranks (without any modification) and generates one of the
reference answer candidates.

Table 6.6 presents some examples where the model hallucinates and produces incor-
rect answers. This is highlighted in the question about Albany Minnesota’s Population,
where the model hallucinates and introduces an incorrect year in the generated answer,
even when it is not present in any of the input reference candidates. Additionally,
at times, the model may be unable to synthesize a good answer due to lacking evi-
dence in the retrieved reference candidates. This is highlighted in the question about
the Earth’s magnetic field. This limitation emphasizes the importance of reliable and
accurate answer candidates for grounding the answer generation from the model.

While our reward functions significantly improve GenQA performance, a closer look
reveals that previous training strategies suffered from several key issues. Table 6.7
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1) Question How do I get from DC to Alexandria VA?
Answer #1 Check out the Metrorail system map and WMATA’s official trip planner to plot the best route to your destination.
Answer #2 To get to downtown DC from Alexandria, take the Yellow Line toward Greenbelt or Fort Totten, or take the Blue

Line toward Largo Town Center or Stadium-Armory.Check out the Metrorail system map and
Answer #3 WMATA’s official trip planner to plot the best route to your destination.o get to downtown DC from Alexandria, take

the Yellow Line toward Greenbelt or Fort Totten, or take the Blue Line toward Largo Town Center or Stadium-Armory.
Answer #4 In addition to the King St-Old Town Metrorail station, Alexandria is serviced by three other stations: Braddock Road,

Eisenhower Ave, and Van Dorn Street.
GenQA Answer The best way to get to Alexandria from Washington, DC is by Metrorail.

2) Question How long should a central air conditioner last?
Answer #1 10 to 20 years - sometimes longer.
Answer #2 You wouldn’t run your car without regular maintenance and tune ups and you shouldn’t run your a/c that way either

- if you want it to last as long as possible. You should have a service tech come out once a year for a tune up.
Answer #3 Source(s): 20 years working for a major manufacturer of central heating and air conditioning.
GenQA Answer The average life span of a central air conditioner is 10 to 20 years.

3) Question How long before a bearded dragon starts to grow
Answer #1 When grown, males are larger than females, with notably bigger heads.
Answer #2 Determining the gender of your bearded dragon before maturity isn’t easy.
Answer #3 Bearded dragons reach sexual maturity between the ages of 8 months and 18 months.
GenQA Answer Bearded dragons reach sexual maturity between the ages of 8 months and 18 months.

Table 6.5: Examples of correctly generated answers using SQuArE-DDA approach on
the MS-MARCO dataset. Example (1) highlights that the model is correctly able to
synthesize a correct answer using the reference answer candidates for the question.
Example (2) highlights a case where the GenQA model uses information from a single
reference answer, but reformulates it’s style using the question to present as an answer.
Example (3) highlights a case where the GenQA model is effectively functioning as an
answer ranker, as it directly copies the best answer candidate among the references to
produce the generated answer.

summarizes common error types such as oversimplification, factual inaccuracy, stylistic
inconsistency, and ambiguity and contrasts them with the improvements achieved using
our proposed reward functions. In particular, our methods enable the model to incor-
porate richer context, correct inaccuracies through targeted penalization, and produce
more coherent and precise responses.

6.5 Conclusion and Discussion

In this Chapter, we propose a novel training paradigm for learning answer generation
systems (GenQA) using supervision from automatic QA evaluation metrics based on
transformer encoders. We propose three strategies: augmenting the training corpus
with high SQuARe-scoring generated answers for GenQA (either statically once before
training or dynamically during each training epoch) and using the SQuARe score to
weigh the loss during training. Our empirical evaluation of two academic and one indus-
trial dataset demonstrates that our approaches outperform the baseline, as evidenced
by both human annotations and automatic QA evaluation metrics (SQuARe score).

Illustrative Examples: Our detailed examples (Examples 1–5) demonstrate that the
reward functions (SDA, DDA, and LW) lead to generate answers that are clearer, more
specific, and linguistically refined compared to baseline models. For instance, answers
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1) Question Albany MN population ?
Answer #1 Albany, Minnesota, as per 2017 US Census estimate, has a community population of 2,662 people.
Answer #2 Albany is located in Stearns County, 20 miles west of St. Cloud and 80 miles northwest of Minneapolis/St. Paul

on Interstate 94 (I-94). Albany has direct access to State Highway 238, which originates in Albany.
GenQA Answer The population was 2,662 at the 2010 census.

2) Question Which layer is responsible for the earth’s magnetic field?
Answer #1 Best Answer: The Earth’s magnetic field is produced by convective currents in the outer core.
Answer #2 The (presumably) molten iron core.
Answer #3 The outer core is liquid iron.
GenQA Answer The outer core is liquid iron.

Table 6.6: Examples of incorrectly generated answers using SQuArE-DDA approach
on the MS-MARCO dataset. Example (1) highlights a case of hallucination during
generation where the model introduces an incorrect year in the generated answer, even
when it is not present in any of the input reference candidates. Example (2) highlights
a failure case of GenQA where the model is unable to synthesize a good answer due to
lacking evidence in the retrieved reference candidates.

generated with SDA and DDA often include additional contextual details (e.g., specific
transit lines for travel queries) and improved phrasing over the terse AS2 outputs.

Critical Error Analysis and Limitations: Our deep error analysis (Table 6.7)
shows that previous reward models struggled with oversimplification, factual inaccura-
cies, stylistic inconsistencies, and ambiguity. In contrast, our proposed reward functions
mitigate these issues by emphasizing high-confidence examples and integrating multi-
ple candidate information. Nonetheless, challenges remain in borderline cases, and
ambiguous inputs suggest avenues for future work.

Linguistic Insights: The reward-based approach not only enhances factual correct-
ness but also improves linguistic qualities such as coherence, conciseness, and natural-
ness. By dynamically refining training examples based on SQuARe scores, the model
learns to generate responses that better align with human preferences.

In conclusion, the techniques presented in this Chapter significantly advance the
training of generative QA models. By incorporating reward signals derived from auto-
matic evaluators like SQuARe, our methods yield higher-quality, human-like answers
that outperform traditional approaches. Future work will explore further integration of
these rewards in reinforcement learning settings and refinement of candidate re-ranking
strategies to address remaining ambiguities and improve overall robustness.
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Error Type Mistakes in Previous
Training Strategies

Improvements with
Our Reward Functions

Over-Simplification Tendency to generate overly
concise answers lacking con-
text

SDA and DDA encourage
the synthesis of addi-
tional, relevant context,
improving informative-
ness.

Factual Inaccuracy Inadequate penalization of
hallucinated or imprecise
details

LW weights the loss to fo-
cus on high-confidence ex-
amples, thereby reducing
factual errors.

Stylistic Inconsistency Outputs often lack coherence
and natural phrasing

Our methods enhance lin-
guistic coherence by lever-
aging multiple candidate
answers and confidence
cues.

Ambiguity Generic or vague responses
due to ambiguous AS2 signals

Enhanced reward feed-
back helps the model re-
solve ambiguity by favor-
ing clear, specific answers.

Table 6.7: Comparison between previous training strategies and our novel techniques.
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Chapter 7

Retrieval Complexity

Question Answering (QA) is a fundamental task in Natural Language Processing (NLP),
requiring systems to retrieve, interpret, and generate accurate answers to user queries.
Among modern approaches, Retrieval Augmented Generation (RAG) has emerged
as a dominant paradigm for tackling challenging QA tasks by combining information
retrieval (IR) techniques with the generative capabilities of Large Language Models
(LLMs) (Lewis et al., 2020b; Hsu et al., 2021). RAG systems enable QA models to
access external knowledge sources, allowing them to handle diverse queries, including
those targeting long-tail distributions or requiring fresh knowledge unavailable in static
LLM training corpora (Asai et al., 2022b). For instance, systems like Bing-GPT il-
lustrate the real-world potential of RAG by retrieving real-time information to answer
questions about events occurring after the LLM training cutoff (Dao, 2023b).

Despite their advantages, RAG systems vary in effectiveness across different question
types, particularly those requiring synthesis from multiple sources. The effectiveness
of a RAG system often depends on the quality of the retrieved evidence. Specific
questions, particularly those requiring evidence synthesis from multiple documents or
targeting sparse or fragmented information, pose unique challenges. Identifying and
characterizing these challenging questions is critical for improving the performance of
RAG-based QA systems.

For example, to answer the question "Are lions bigger than tigers?" (Fig. 7.1) re-
quires a comparison between two related entities. While this question could be consid-
ered complex, the close relation of the lions and tigers increases the probability that
a single snippet talks about the size of both animals. However, The probability above
is an order of magnitude lower for a similar question, such as "Are lions bigger than
freezers?".

In this work, we introduce Retrieval Complexity (RC), a novel metric designed to
quantify the difficulty of answering a question based solely on the retrieval stage of RAG
pipelines. Inspired by the observation that the difficulty of a question often correlates
more with retrieval quality than with the reasoning capability of generative models, RC
quantifies how dispersed or fragmented the necessary information is across retrieved
documents, indicating the difficulty of constructing a complete answer. Questions with
highly fragmented evidence require synthesis across multiple documents, making them
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Figure 7.1: While both questions are complex using the definition in prior works, the
"Low RC" question on the left is easy for RAG systems, while the "High RC" question
on the right is far more difficult. Documents retrieved by commercial search engines
illustrate this challenge. RC correlates with the probability that the retrieved docu-
ments contain sufficient information to generate a reference answer.

inherently more challenging for RAG systems, even those with advanced generative
capabilities (AI@Meta, 2024; Jiang et al., 2023; Achiam et al., 2023).

7.1 Retrieval Complexity Motivation
Prior literature has broadly defined question complexity in terms of the number of rea-
soning hops or the compositional nature of the query (Mavi et al., 2022; Min et al.,
2019). In contrast, our definition of Retrieval Complexity (RC) focuses on the retriev-
ability and coherence of the evidence itself. Rather than solely counting reasoning
steps, RC quantifies how fragmented or distributed the necessary information is across
multiple documents. This approach offers several practical benefits:

• Novelty: Unlike traditional metrics that measure reasoning complexity (e.g.,
chain-of-thought lengths), RC quantifies the difficulty of retrieving the necessary
evidence.

• Practicality: By evaluating the quality and completeness of retrieved evidence,
RC provides actionable insights for improving RAG pipelines.

• Versatility: The unsupervised nature of our Retrieval Complexity Pipeline (RRCP)
allows it to be applied across diverse QA benchmarks without needing manual
complexity annotations.
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A popular notion of question complexity in QA literature considers the number of
reasoning steps (hops) required to answer a query. Multi-hop questions (Mavi et al.,
2022), those expected to require at least two reasoning steps, are one source of com-
plex questions. Popular benchmarks for multi-hop QA include HotPotQA (Yang et al.,
2018b) and MuSiQue (Trivedi et al., 2022), which are constructed by aggregating mul-
tiple one-hop questions into a multi-hop query. Additionally, compositional complexity,
as discussed by Talmor and Berant (2018), assesses the degree to which the answer
must be composed from multiple pieces of evidence.

Linguistic Analysis: Our RC definition further integrates linguistic insights:

• Multi-hop Complexity: Linguistically, multi-hop questions require bridging
semantic gaps across distinct sentences or documents, challenging the retrieval
system to capture dispersed discourse elements.

• Compositional Complexity: Such queries require combining multiple semantic
units (e.g., entities and relations) into a coherent answer, reflecting a high degree
of syntactic and semantic integration.

• Temporal Complexity: Temporal questions often involve implicit cues (e.g.,
"Who was the president in 1945?" versus "Who is the last president?") that
demand an understanding of temporal markers and context.

• Comparative and Aggregate Complexity: These queries often involve subtle
comparative structures or the need to synthesize lists. The linguistic challenge
lies in mapping comparative adjectives or aggregative phrases across documents.

Because these linguistic phenomena directly impact retrieval performance, our RC met-
ric effectively quantifies the resulting fragmentation. When necessary evidence is scat-
tered or expressed in varied linguistic forms, the RC metric captures the resulting
fragmentation, providing a robust measure of the challenge posed to RAG systems.

To provide a better understanding of the differences between complex (High RC)
and not complex (Low RC), in Table 7.1 we compare several queries classified as simple
or complex based on our retrieval-centric criteria.

These examples demonstrate that while a query like "Who was president in 1945?"
can be answered from a single snippet, queries requiring synthesis from multiple sources
tend to have higher RC scores.

7.2 Modeling Retrieval Complexity
We propose an unsupervised pipeline (RRCP) to measure RC, described in Fig. 7.2:
given a question Q, the pipeline retrieves k documents, D = {d0, d1, ..., dk}, and ana-
lyzes them to predict the complexity of Q. We model the complexity problem along
two dimensions: question answerability and retrieval set completeness. The
first aims to verify if, for a given question Q, there exists a document di ∈ D that
could contain a correct answer. The second approximates the completeness of retrieved
information relevant to the question.
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Query Simple (Low RC) Complex (High RC)

Comparative Query "Are lions bigger
than tigers?"

"Are lions bigger
than freezers?"

Multi-hop Query "Who was the 44th
president of the
US?"

"Who was the
president during
the transition from
the 20th to the 21st
century, and what
major policy did he
introduce?"

Temporal Query "Who was president
in 1945?"

"Who was leading the
country during the
post-World War II
reconstruction, and
how did his policies
evolve over time?"

Aggregate Query "List the Nobel
Prize winners in
literature in 2020."

"Which authors have
won the Nobel Prize
in literature in the
21st century, and
what common themes
can be identified in
their works?"

Table 7.1: Examples illustrating simple vs. complex queries. Our RC definition dis-
tinguishes them by measuring the degree of evidence fragmentation required to answer
the query.
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Figure 7.2: Overview of our RRCP for measuring the complexity of questions. A
retrieval system retrieves documents for the input question. These are examined by a
reference-based evaluation system, which provides the probability of correctness scores.
These approximate the answerability and completeness of retrieved information, i.e.,
an estimation of RC.

7.2.1 Answerability

The answerability constraint is satisfied if at least one document di ∈ D contains the
correct answer for the question Q. Prior works approximate answerability by checking
if any retrieved documents contain a string Exact Match (EM) with a reference answer
(Rajpurkar et al., 2016a). However, this is a poor estimation for the generative QA
domain (Deutsch and Roth, 2022) or when the original question allows multiple correct
answers.

To mitigate this limitation, we use SQuARe (Gabburo et al., 2023b), an automatic
evaluator that uses an LLM to estimate the answerability of a generated answer given
one or more reference answers. Specifically, given a question Q, a document di ∈ D, and
a set of gold references R = {r0, r1, ..., rk}, it assesses the correctness of di for answering
Q.

We define a threshold Tans ∈ [0, 1] over the SQuARe probability of a document
containing the correct answer si: if the score exceeds Tans, the question is answerable.
Intuitively, if a single document di can answer the question, si will approach 1. Thus,
we model the answerability function Ans(SD) as follows:

Ans(SD) =

{
0 if max(si ∈ SD) < Tans

1 if ∃ si ∈ SD ≥ Tans,
(7.1)
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where Tans distinguishes between not answerable and answerable questions.

7.2.2 Retrieval Set Completeness

Retrieval set completeness determines how the information required to answer is spread
among different documents. For example, a document might be partially relevant yet
lack sufficient detail to yield a correct answer (Fan et al., 2018; Baumgärtner et al.,
2022). To estimate this, we compute the entropy of the relevance of each document in
D with each token in Q. By assessing whether all parts of Q are adequately covered
by the retrieved evidence, we approximate if the answer requires synthesizing multiple
snippets.

We leverage the attention distribution extracted from SQuARe to create a matrix
M of size |D|× |Q|, where each row corresponds to a token tj from Q, and each column
indicates Rel(di, tj), the relevance of document di to token tj. We then normalize the
entropies and compute the average to obtain the completeness score SD:

SD =

∑|D|
i=1

∥∥∥∑|Q|
j=1Rel(di, tj)

∥∥∥
|D|

. (7.2)

We apply a threshold Tcom to SD:

Com(SD) =

{
1 if SD ≥ Tcom

0 if SD < Tcom.
(7.3)

7.2.3 Classifying Complex Questions

While answerability and retrieval set completeness are standalone criteria, RRCP lever-
ages both to approximate retrieval complexity (RC). Specifically, RRCP classifies a
question as complex if it is not answerable by a single document and the retrieved evi-
dence is incomplete (i.e., Ans(SD) = 0 and Com(SD) = 1). In addition to classification,
the answerability and completeness scores serve as diagnostic metrics.

7.3 Retrieval Complexity Pipeline (RRCP)
To make RC measurable in practical applications, we introduce the Retrieval Com-
plexity Pipeline (RRCP), an unsupervised framework for estimating RC. The pipeline
integrates:

• A retriever to obtain relevant documents for a given question.

• A reference-based evaluator (Gabburo et al., 2023b) to assess the quality and
completeness of the retrieved evidence.

RRCP quantifies RC by evaluating both the retrievability (answerability) and the co-
herence (completeness) of retrieved evidence. This methodology enables RC to be
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measured across arbitrary QA benchmarks, making it a versatile tool for the QA com-
munity.

7.4 Experiments
In this section, we focus on studying Retrieval Complexity (RC) and our RRCP frame-
work for its detection. We validate them by conducting both quantitative and qual-
itative analyses. Specifically, we first compare RRCP against a supervised baseline
(Section 7.4.3) and a prompted LLM directly on the inner complexity classes of a set of
4 selected datasets in Section 7.4.4. Secondly, in Section 7.4.5, we evaluate the correla-
tion between the RC classification (complex/not complex) with LLM answer capacity.
This allows us to understand some possible limitations of our notion of complexity. In
the third quantitative experiment (Section 7.4.6), we measure the answerability of the
questions identified as complex by our pipeline using a state-of-the-art search engine,
such as Bing. Finally, we perform a qualitative analysis to inspect the limitations and
the generalizability of our approach (Section 7.5).

7.4.1 Datasets

We evaluated RRCP on the following academic benchmarks: ComplexWebQuestions
(CWQ) (Talmor and Berant, 2018), HotPotQA (Yang et al., 2018b), StrategyQA (Geva
et al., 2021), and MuSiQue (Trivedi et al., 2022). We used the question complexity
information provided in each dataset to define "complex" or "not complex" labels. For
CWQ, we labeled their simple questions as not complex and the more challenging ones
composed of them as complex. For HotPotQA, we used the "difficulty level" associated
with each question in the dataset. For MuSiQue and StrategyQA, we considered one-
hop questions as not complex and multi-hop ones as complex.

We also used Natural Questions (Kwiatkowski et al., 2019) and QuoraQP-a (Wang
et al., 2020b) to evaluate our pipeline on more natural user-generated questions.

Manual annotation: To perform the manual annotation described in Section 7.4.6,
we employed a set of 5 voluntary international experts (from the US, Brazil, India,
and Italy) in the QA domain to annotate the data. We instruct each of them on
the task, providing the notion of retrieval complexity 7.1 and a set of examples to
reference during the annotation. Specifically, for each question present in our evaluation
set, the annotation has been done by presenting the question to the annotator, the
top − 5 web pages retrieved by the search engine, and the top document retrieved
using our retrieval system. Then, for each question, the annotators determine whether
the question is answerable by one or more Bing search results (applying or inferring
reasoning if needed). During the annotation process, the annotator was unaware of the
RC assigned by RRCP.

Table 7.2 reports the complexity categories we found in some of the datasets above.
Additional details regarding the distribution, size, and splits of these datasets are de-
fined in Section 2.5.
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Dataset Complexity Class
Compositional Multihop

CWQ (Talmor and Berant, 2018) ✓ ✓

HotPotQA (Yang et al., 2018b) ✗ ✓

StrategyQA (Geva et al., 2021) ✓ ✓

MuSiQUe (Trivedi et al., 2022) ✗ ✓

Natural Questions (Kwiatkowski et al., 2019) ✗ ✗

QuoraQP-a (Wang et al., 2020b) ✗ ✗

Table 7.2: Categorization of datasets into compositional and multihop complexity
classes based on their respective characteristics.

7.4.2 RRCP setup

We implemented RRCP (described in Section 7.1), with a state-of-the-art hybrid re-
trieval system based on BM25 (Crestani et al., 1998) and ColBERT (Khattab and Za-
haria, 2020) with an index of documents containing (Wikipedia (Petroni et al., 2021),
and MS MARCO (Nguyen et al., 2016)). For the automatic evaluation system, we ex-
tended SQuARe (Gabburo et al., 2023b) with an additional head to provide the answer-
ability and completeness score of retrieved documents. We set thresholds Tans = 0.15
and Tcom = 0.80 based on a small set of 50 manually written test questions.

7.4.3 Supervised Baseline

We compare RRCP (unsupervised approach) with a supervised baseline, which is there-
fore an upper-bound model. Note that, as the experiment shows, these upper bounds
are not realistic as they do not generalize across different domains. It means that they
only capture some specific properties of the data and specific complexity definitions.

We build the upper-bound models using a cross-encoder on the datasets discussed
in Section 7.4.1. Our approach involved training this model in two distinct settings; a
"merged" setting, in which the model is trained on all four complex datasets (CWQ,
HotPotQA, MuSiQue, and StrategyQA), and an "independent" setting, i.e., one model
is trained for each dataset. All 5 resulting models are tested on all 4 datasets, with
results shown in Table 7.3. Notice that Natural Questions (Kwiatkowski et al., 2019)
and QuoraQP-a (Wang et al., 2020b) do not have an inner definition of complexity
(Table 7.2), making the automatic evaluation and the training impossible.

Implementation details: The supervised model was trained on Amazon AWS P3dn.24xlarge
hosts using specific hyperparameters selected after a parameter search. The model ar-
chitecture utilized the roberta-base (Liu et al., 2019) configuration, with a batch size
(bs) of 256 instances. We used an Adam optimizer considering a learning rate (lr) of
1e− 05 during training, carried out over 10 epochs. The model selection criterion was
based on achieving the highest F1 score on the development set (devset), ensuring the
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Datasets Evaluated
CWQ HotPotQA MuSiQue StrategyQA

T
ra

in
ed

ALL 0.974 0.834 0.956 0.921
CWQ 1.000 0.448 0.609 0.266
HotPotQA 0.901 0.842 0.714 0.656
MuSiQue 0.851 0.491 0.861 0.618
StrategyQA 0.075 0.253 0.238 0.978

Table 7.3: The supervised approach displays limited effectiveness for cross-dataset eval-
uation, indicating reduced performance when trained on one dataset and tested on
another. Despite similar complexity classes between datasets (e.g., Multihop), the
transferability of models across distinct datasets (e.g., training on CWQ and testing on
HotPotQA) exhibits notable performance discrepancies. Notice that ALL refers to a
model trained on all the datasets combined together.

selection of the most effective model variant. Additionally, the training process incorpo-
rated mixed-precision arithmetic (fp16) to enhance computational efficiency and speed
up the training procedure. We estimate that GPU hours used for baseline training and
pipeline inference are no more than 462 GPU hours.

While the model trained on the merged dataset exhibited commendable perfor-
mance, independent models struggle to transfer this strong performance across datasets.
This disparity suggests that fine-tuning induces the models to overfit the distribution
of the questions rather than grasp the intricacies of question complexity. This out-
come underscores the poor suitability of using standard fine-tuning to develop models
to detect question complexity in a dataset-agnostic manner.

It should be noted that the reason of why ALL model performs well is simply because
it can recognize which dataset the test question belongs to (thanks to topics and typical
question shape characterizing each dataset) and activate the parameters specific to that
dataset.

7.4.4 Complex Question Identification

To compare the ability of RRCP to detect complex questions with alternative ap-
proaches (e.g., LLMs, supervised models), we use the answerability and completeness
scores it generates to classify questions as described in Section 7.4.4. We compare the
performance in terms of accuracy and f1-measure against two strong baselines: (i) the
supervised model described in Section 7.4.3 that has learned the dataset distribution
and (ii) prompting an unsupervised, state-of-the-art LLM for this task. We report the
results of these experiments in Table 7.4.

Furthermore, we ablated different configurations of the pipeline to assess the ben-
efits given by the two constraints. Combining the answerability and the retrieval set
completeness constraints proved to be beneficial, enabling a more accurate classification
than alternatives, showing to be second only to the upper-bound supervised approach
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Approach Answerability Diversity CWQ HotPotQA StrategyQA MuSiQue Average
ACC F1 ACC F1 ACC F1 ACC F1 F1

Supervised ✗ ✗ 0.994 0.974 0.799 0.834 0.941 0.956 0.944 0.956 0.930
LLM ✗ ✗ 0.649 0.780 0.699 0.815 0.548 0.436 0.582 0.709 0.685

RRCP
✓ ✗ 0.905 0.872 0.611 0.731 0.754 0.737 0.799 0.834 0.794
✗ ✓ 0.818 0.189 0.560 0.674 0.554 0.493 0.679 0.651 0.502
✓ ✓ 0.912 0.882 0.718 0.829 0.623 0.742 0.780 0.838 0.823

Table 7.4: Performance comparison of our pipeline against a complex question classifier
in terms of Accuracy and F1. The pipeline has been tested ablating the two constraints
(Answerability and Retrieval Diversity) and on different Complex QA datasets. The
results show that our pipeline is able to identify complex questions with high accuracy
and that combining the two constraints is beneficial. For these experiments, we selected
the best pipeline thresholds based on the development set.

(0.823 vs 0.930). RRCP, based only on the answerability constraint, has generally
higher results than the LLM baseline, showing that also, without considering the com-
pleteness constraint, the pipeline provides accurate predictions. On the other hand, the
model-based only on retrieval completeness achieves lower performance than the other
approaches, highlighting the fact that it can not be used alone.

7.4.5 LLM Performance on Complex Questions

In this section, we study if predictions made by RRCP (complex vs not complex)
correlate with the notion of complexity of LLM-based systems (only using parametric
knowledge). Specifically, we evaluate the correlation between its RC classification and
LLM answer capacity (0/1 label), where the latter is computed by (i) generating an
answer with LLM and (ii) manually annotating its correctness.

For each dataset in Section 7.4.1, we apply RRCP, employing our defined criteria
to filter complex from non-complex questions. We use an end-to-end QA system com-
posed of a prompted Mistral 7B (Jiang et al., 2023) (a large language model) designed
to receive input questions and generate accurate answers. Then, we evaluated each
generated answer, comparing it with the original gold answers in the datasets. Finally,
we measured the agreement between the detected RC and answer correctness in terms
of Pearson Correlation.

We present the results of this analysis in terms of accuracy in Table 7.5, where
we show the accuracy scores for both complex and non-complex questions across the
different datasets and their Pearson Correlation. Each entry in the table represents the
percentage of questions correctly answered by this LLM-based QA system.

The results confirm the effectiveness of our approach in identifying complex ques-
tions also in a generative setting. Questions identified as complex by the pipeline gen-
erally exhibit higher accuracy in terms of answerability, indicating that these questions
are more straightforward for the model to answer. Specifically, questions categorized as
complex in CWQ, HotPotQA, MuSiQue, and Natural Questions display higher accu-
racy than those classified as not complex. Notably, the complexity assessment in Quora
and StrategyQA does not significantly impact the question answerability, suggesting
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Dataset Complex Not Complex PCC

CWQ 0.328 0.641

0.449

HotPotQA 0.266 0.328
StrategyQA 0.000 0.078
MuSiQue 0.031 0.563
Natural Questions 0.023 0.547
Quora 0.016 0.016

Table 7.5: Average answerability of answers generated for complex and not-complex
questions selected by our pipeline. The results show that the questions marked as
complex are generally more difficult to answer. PCC denotes the correlation in terms
of the Pearson Correlation Coefficient between the complex and not complex questions
in terms of answerability.

a different nature of complexity in this dataset or some bias. Indeed, upon closer ex-
amination, we discover unique challenges in StrategyQA and Quora. In StrategyQA,
questions labeled as complex often have reference answers limited to "true" or "false,"
making them de facto complex due to uninformative references. The evaluation metric,
which considers exact matches in strings, leads to an artifact where complex questions
have a higher rate of "true/false" answers, contributing to the observed performance
gap. Addressing this issue by modifying the prompt eliminates the artifact, empha-
sizing the importance of precise evaluation metrics in question complexity assessment.
In the case of Quora, the complexity designation is influenced by the poor quality
of reference answers rather than retrieval results. The noisy and unreliable nature of
Quora references highlights a limitation in the evaluation process, emphasizing the need
for caution when interpreting complexity labels in datasets with sub-optimal reference
quality. Despite these challenges, the study underscores the significance of accurate
complexity assessment methods.

7.4.6 Search Engine Performance on Complex Questions

We further explore the quality of our pipeline by sampling a set of 500 questions from
the "complex" questions of each dataset and analyzing how many of them can be
answered by a state-of-the-art search engine such as Bing1. This dataset is constructed
by selecting 256 questions from datasets with their own notion of complexity, including
CWQ, HotPotQA, StrategyQA, and MuSiQue (64 questions per dataset), and another
256 from natural datasets not explicitly focused on complexity (128 each from Natural
Questions and Quora). To conduct the evaluation, we select a pool of expert annotators.
Their task is to determine whether a given question can be answered by examining
the top 5 search engine results. If the answer is found within these results or can
be inferred through reasoning based on them, the question is considered answerable.
Furthermore, the annotators are tasked with evaluating whether the question aligns

1https://www.bing.com/
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RRCP Answerable Not MCCClassification Answerable

Not Complex 0.600 0.113 0.508Complex 0.400 0.887

Table 7.6: Probability for a question classified by RRCP of being answered by a state-of-
the-art search engine. The answerability is computed using manual annotators. MCC
stands for Matthew Correlation Coefficient and measures the correlation between the
complexity classification and its answerability.

with our predefined notion of retrieval complexity as described in Section 7.1.
The results of our analysis, detailed in Table 7.6, reveal significant insights. In-

deed, the probability of a question marked as complex by RRCP not being answered
by a state-of-the-art search engine is high (0.887). Similarly, a question marked as
not complex has a high chance to be answered (0.6). In addition, the results show a
good correlation between question-predicted complexity and their answerability (man-
ually annotated), with a Matthew correlation of 0.508, indicating a moderate to strong
positive correlation between the predicted classifications and the actual classifications.

7.4.7 Critical Error Analysis of RC Estimation

Although RRCP shows robust overall performance, our critical error analysis reveals
two main challenges:

• False Positives Due to Incomplete Retrieval: Occasionally, a query may
be labeled as complex because the retrieval system fails to capture a complete
document even if the question itself is simple. This may occur in cases of low-
index coverage or misranking.

• Overestimation in Ambiguous Queries: Queries with ambiguous phrasing
can be misclassified as complex if the retrieved evidence is scattered across mul-
tiple documents, even when a clear answer exists.

Table 7.7 summarizes these issues alongside the underlying reasons.
These error cases suggest that while our RC metric effectively identifies evidence

fragmentation, its accuracy can be affected by retrieval system coverage and query am-
biguity. Future work may involve incorporating broader retrieval strategies or improved
disambiguation techniques.

7.5 Qualitative Analysis and Limitations
We further examine the behavior of our pipeline through a rigorous qualitative evalu-
ation. We notice that RRCP, initially designed to recognize retrieval complexity, can
address other complexity classes beyond its primary scope. These complexity classes
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Error Type Observed Issue Underlying Cause
/ Discussion

False Positives Simple queries are
misclassified as com-
plex.

Incomplete retrieval
due to limited index
coverage or misrank-
ing of highly relevant
documents.

Ambiguity Overestimation Ambiguous queries
flagged as complex.

Ambiguity in query
phrasing leads to dis-
persed retrieval, even
when a definitive an-
swer exists.

Table 7.7: Critical error analysis: Cases where RC estimation works well versus chal-
lenges and their underlying causes.

are part of a wide range of question types, such as comparative questions (e.g., "Is an
elephant bigger than a cat?"), multi-hop questions (e.g., "How old is the wife of the
tallest NBA player?"), questions needing the "aggregation" of multiple answers in the
form of disconnected entities (e.g., "List every football player who played in the last
World Championship?"), time-based questions, both implicit and explicit (e.g., "Who
is the current president of the US?" and "Which movie won the Oscar for the best
movie in 1992?") and superlative questions (e.g., "What are the best countries to travel
to in March?") following the distribution shown in Fig. 7.3.

However, our analysis also highlights notable limitations within our pipeline. We
identified two primary challenges. Firstly, the reference-based nature of our approach is
susceptible to the quality of the references used. Consequently, the predictive accuracy
of the pipeline is significantly impacted by the quality of these references. This issue
becomes evident during the examination of results from Quora, where we observed
a discernible drop in performance. Despite employing a robust retrieval system, the
precision of our pipeline is closely linked to the quality of the references.

This finding underscores the critical role of reference quality in shaping the effec-
tiveness of our methodology. Addressing this challenge necessitates a comprehensive
evaluation of the reference sources employed and potential enhancements in the re-
trieval system to mitigate the adverse effects on prediction accuracy. By acknowledging
and addressing these limitations, our research aims to refine the qualitative analysis
pipeline, ensuring its applicability across various complexity classes and enhancing its
overall robustness in handling diverse question types.

149



7.6. Conclusion and Discussion

Multi-hop
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Figure 7.3: Distribution of complexity classes from a sample of 200 high RC questions
selected among the datasets described in Section 7.4.1.

7.6 Conclusion and Discussion
In this paper, we introduced a novel concept of question complexity, measuring the diffi-
culty of finding accurate answers from multiple sources. By integrating a hybrid BM25-
ColBERT retrieval system with an advanced evaluation model, our approach (RRCP)
effectively handled complex questions that extend beyond single-source responses. We
conducted extensive quantitative and qualitative analyses on various academic and in-
dustrial datasets, proving the robustness of our pipeline in managing complex question
types including multi-hop, temporal, comparative, and aggregate queries.

Theoretical and Practical Justification: Our definition of Retrieval Complexity
(RC) contrasts with prior literature by focusing on evidence fragmentation rather than
solely counting reasoning hops. This perspective highlights specific retrieval challenges
in RAG systems, guiding improvements in search and indexing techniques.

Illustrative Examples: Detailed examples (Table 7.1) explicitly illustrate the differ-
ences between simple and complex queries based on our RC definition, demonstrating
that complex queries require synthesis from multiple disparate sources.

Critical Error Analysis: Our critical error analysis (Table 7.7) highlights cases
where our RC estimation performs well and identifies challenges such as false positives
due to incomplete retrieval and overestimation in ambiguous queries. These insights
inform future improvements.

Linguistic Analysis: Linguistically, our approach addresses the challenges posed by
multi-hop, compositional, and temporal queries by capturing the nuances of discourse
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cohesion, semantic integration, and temporal inference. These linguistic phenomena
critically impact retrieval, and our RC metric quantifies the resulting fragmentation,
providing a more comprehensive measure of query difficulty.

In conclusion, our work fills a critical gap in QA research by providing a robust,
unsupervised measure of retrieval complexity that is both theoretically motivated and
practically beneficial. Future work will explore integrating advanced retrieval tech-
niques and linguistic disambiguation methods to further enhance the robustness and
generalizability of our RC metric.
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Chapter 8

Conclusion

In this PhD Thesis, I have explored and advanced several key research areas within
Natural Language Processing (NLP), focusing on generative approaches and robust
evaluation methodologies for Question Answering (QA) systems. My work has ad-
dressed significant challenges in the field by proposing novel solutions that contribute
to the evolution of QA technologies through a series of interconnected studies. In doing
so, I have played an active role in conceiving, developing, and experimentally validating
new methods that go beyond the work reported in my published papers.

The Thesis is organized around a coherent research agenda. I began by providing an
in-depth analysis of the research background, then moved from automatic evaluation
of answer correctness to training generative models for QA using reward functions
and weak supervision, and finally introduced a new definition of retrieval complexity
for difficult questions. This structure situates my contributions within the broader
literature while demonstrating the progressive development of my ideas.

Overall Contributions and New Insights
My contributions can be summarized as follows:

• Development of SQuARe: I led the design and implementation of SQuARe, a
novel transformer-based automatic evaluation metric for QA that integrates mul-
tiple positive and negative references to achieve higher correlation with human
judgment than traditional metrics such as BLEU, ROUGE, and BERTScore. In
addition to the work published at IJCNLP-AACL 2023, I introduced new er-
ror analyses and linguistic insights that explain why SQuARe outperforms prior
approaches.

• Knowledge Transfer Framework from AS2 to Generative QA: I developed
a framework that utilizes discriminative Answer Sentence Selection (AS2) models
to generate silver labels, significantly improving generative QA training efficiency.
This framework significantly mitigates the scarcity of high-quality training data
and reduces reliance on manual annotation. My work extends previous publica-
tions by providing detailed qualitative examples and a critical error analysis that
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clarifies the linguistic improvements and limitations of the knowledge transfer
approach.

• Reward Function for GenQA using Automatic Evaluators: Building
upon SQuARe, I introduced innovative reward-based training strategies, includ-
ing Static Data Augmentation (SDA), Dynamic Data Augmentation (DDA), and
Loss Weighting (LW) to directly integrate automatic evaluation feedback into the
training of generative QA models. This approach enhances answer quality re-
garding factual correctness and linguistic fluency and offers a new paradigm for
using automatic rewards during model training. In this Thesis, I extend these
ideas with new illustrative examples and deep critical error analysis, providing
practical insights into the improvements over baseline reward functions.

• Retrieval Complexity for QA: I proposed a novel metric for quantifying ques-
tion difficulty Retrieval Complexity (RC), which is based on evidence fragmenta-
tion in retrieval outputs. My work introduces the Retrieval Complexity Pipeline
(RRCP), an unsupervised framework that quantifies evidence dispersion across
documents. This new perspective not only contrasts with prior definitions that
focus on reasoning steps (e.g., multi-hop complexity) but also brings practical
benefits for improving retrieval-augmented generation systems. I have provided
detailed illustrative examples and linguistic analysis that explain how RC captures
multi-hop, compositional, and temporal challenges in QA.

In addition to my already published work, in this Tesis, we expanded our findings
with novel insight, including:

• Theoretical Clarification: We provide a theoretical justification for retrieval
complexity, distinguishing it from classical complexity measures that focus entirely
on reasoning hops and outlining its advantages in practice for RAG systems.

• Qualitative Analysis and examples: Each proposed technique achieves a tan-
gible gain in the quality of answers noticeably seen in detailed qualitative exam-
ples, including a richer set of query-specific error analyses with explicit linguistic
commentary on coherence, conciseness, and informativeness.

• Impact: Training generative QA models with automatic evaluators and retrieval
complexity measures may enable applications in reinforcement learning (RL), mul-
tilingual QA models, as well as the ethical impact of large-scale QA systems.

Automatic Evaluation for Generative QA: In Chapter 4, I introduced SQuARe,
a new sentence-level evaluation metric that uses multiple reference answers and transformer-
based contextual embeddings. SQuARe’s design fills a critical gap by providing a more
accurate and reliable evaluation for both extractive and generative QA systems, accel-
erating progress by offering better benchmarking tools.
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Knowledge Transfer from AS2 to Generative QA: In Chapter 5, I presented
a novel framework that transfers knowledge from discriminative AS2 models to gen-
erative QA models, enabling efficient training with large volumes of unlabeled data.
This approach alleviates the dependency on expensive human-annotated datasets and
demonstrates significant qualitative and quantitative improvements in answer genera-
tion quality.

Reward Function for Generative QA: In Chapter 6, I designed new reward func-
tions that incorporate SQuARe feedback into the training of GenQA models. My work
shows that using reward signals (through data augmentation and loss weighting) can
guide generative models toward producing more accurate and contextually relevant
answers, as evidenced by improved performance across multiple datasets.

Retrieval Complexity in QA Systems: In Chapter 7, I introduced Retrieval Com-
plexity (RC) as a new metric for quantifying question difficulty based on evidence frag-
mentation. I provided theoretical and practical justification for RC, along with detailed
illustrative examples and linguistic analysis demonstrating how RC captures multi-hop,
compositional, and temporal challenges in QA.

Overall, this Thesis pushes the boundaries of state-of-the-art generative QA by
proposing novel evaluation metrics, training paradigms, and theoretical approaches.
The work I presented in my publications from my individual contributions not only
have paved the way for novel methodology as well as the realization of the linguistic
and practical challenges associated with QA systems These advances lay a groundwork
for future work and have broad implications for both the academic and industrial worlds,
to build the next generation of QA systems.

8.1 Future Work

In this section, we discuss potential advancements based on the work presented in this
Thesis:

• Extending SQuARe: Further adapt SQuARe to other NLP tasks beyond QA,
such as summarization or dialogue systems, to explore its broader applicability.

• Multilingual and Cross-lingual QA: Building on our work with multilingual
AS2, develop more robust multilingual and cross-lingual generative QA methods.

• Integrating Retrieval Complexity: Investigate how to incorporate RC mea-
sures into the training and evaluation phases of QA systems to build models
capable of handling diverse query types.

• Large Language Models and QA: Adapt our methods to large language mod-
els emerging in the field, exploring their potential to improve performance on
more challenging QA tasks.
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• Ethical Considerations: Address bias, fairness, and transparency in QA sys-
tems as these technologies advance, ensuring ethical deployment in real-world
applications.
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