
Doctoral Programme in
Information Engineering and Computer Science

LANGUAGE-GROUNDED POST-COMPLETION
MISTAKE DETECTION IN PROCEDURAL

VIDEOS

Olga Loginova

Advisor
Prof. Andrea Passerini
Università di Trento

Co-Advisor
Prof. Elisa Ricci
Università di Trento

Co-Advisor
Prof. Jacopo Staiano
Università di Trento

January 2026



Acknowledgements

My deepest gratitude goes to my supervisors and mentors, whose guidance, standards, and
generosity have profoundly shaped both this thesis and the way I think about research. I am
thankful to Prof. Andrea Passerini for creating an environment where it was possible to
pursue research with both intellectual freedom and a sense of stability, to Prof. Elisa Ricci
for her constructive feedback on my research proposal and her expert advice on Computer
Vision and beyond, to Prof. Frank Keller for welcoming me into his team at the University
of Edinburgh and supporting my research with thoughtful guidance and insightful advice,
and to Prof. Jacopo Staiano for kindly agreeing to serve on my advisory committee. Each of
them, in a different way, set a high bar and contributed to shaping me into a more thoughtful,
responsible, ethical, and grateful researcher.

I also thank the Amazon Alexa team, whose grant administered through Raffaella
Bernardi supported my PhD journey, including conference travel and research internships.

My thanks also extend to colleagues, co-authors, annotators, and to all those who sup-
ported me with feedback, ideas, and generosity in sharing their knowledge and experience. In
particular, I would like to thank Oleksandr Bezrukov from Gran Sasso Science Institute and
Alexey Kravets from the University of Bath; Gautier Dagan and Anil Batra from the Univer-
sity of Edinburgh, and Ravi Shekhar from the University of Essex for inspiring discussions
and collaboration on models and ideas; Sofia Ortega Loguinova, Anna Loguinova, Vasili
Noè, Elizaveta Loginova, Maya Udaka, and Cristina Crippa for their efficiency, language
expertise, and high-quality annotation work.

I am equally grateful to the Edinburgh group: Irina Saparina, Alex Gurung, Ashutosh
Adhikari, Sophie Fischer, Iñigo Alonso, Ulrich Germann, Miao Li, and Ekaterina Tak-
tasheva, for creating a warm atmosphere during my internship in Scotland. Their kindness,
shared stories, and encouragement helped me stay grounded, especially in the final days and
hours before conference deadlines.

Last but certainly not least, my deepest thanks go to my partner, Angelo Noè, for his
patience, care, and unwavering support throughout this PhD adventure, from trouble and strife
to poster design and proofreading camera-ready versions.



Abstract

Mistake detection in procedural videos is the task of identifying errors in activities such as
cooking, assembly, or repair. The domain represents a critical yet underexplored challenge.
This thesis focuses on Post-Completion Mistake Detection (PCMD), where a model must
verify a full procedure execution and localize deviations from the intended protocol. PCMD
is under-researched and still held back by fragmented error taxonomies, staged and scarce
datasets, and complex, computationally demanding, often domain-specific vision-first models.

This thesis develops a unified, language-centered PCMD framework. First, it establishes
the limitations of end-to-end Vision-Language Models (VLMs) for procedural verification.
Through gaps in temporal reasoning of ongoing and completed actions, failures in understand-
ing of cause-effect relations in procedural structures, and model tendencies towards “blind
guessing”, the thesis demonstrates that VLMs struggle with fine-grained temporal logic. The
diagnostics prove that reliable mistake detection requires structured and interpretable mech-
anisms over black-box VLM reasoning alone. Second, to address the data bottleneck, the
thesis introduces PIE-V, a semi-synthetic pipeline for generating mistake-aware datasets. Us-
ing psychology-informed error planning, PIE-V injects semantic mistakes into clean proce-
dures. It delivers controllable, error-rich variants that approximate real-world error scenarios,
in contrast to the stagedmistakes of the current mistake-aware video datasets, and outperforms
freeformLLM-based generation in coherence and perceived realism. Third, the thesis presents
a lightweight, language-grounded PCMD framework, ChronoFix. The method grounds video
executions into step sequences, compares raw step descriptions, semantic role representations,
and action–object abstractions, and verifies the resulting traces with a Hidden Markov Model.
Across CaptainCook4D, EgoPER, EgoOops, and auxiliary Assembly101 experiments, the re-
sults show that semantic-role normalization improves robustness to noisy VLM grounding
and that explicit sequence modeling supports interpretable cross-dataset mistake detection.

This work advances the state of the art by (1) providing diagnostic evidence of VLM
failures in temporal logic, (2) introducing a scalable pipeline for generating realistic mistakes,
and (3) presenting an efficient, structure-first baseline for post-completion mistake detection.

Keywords
procedural video understanding; post-completion mistake detection; video language models;
mistake-aware datasets; temporal reasoning
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Chapter 1

Introduction

Picture this: on a Tuesday evening, a home cook makes zoodles, only to discover at the dinner
table that the pasta has been boiled a few minutes too long. The texture is ruined. On a
factory line, a gearbox looks finished until inspection reveals a single flipped plate. The entire
assembly fails. In both cases, the task appears complete; the error emerges only after the fact.

AI systems that collaborate with people in procedural activities, such as cooking, assem-
bly, or repair, must account for the fact that failures are common and consequential [16, 123].
In this thesis, we focus on Post-Completion Mistake Detection (PCMD), the type of video-
based mistake detection in procedures when the task appears complete. PCMD supports trou-
bleshooting, retrospective quality assurance, and automated debriefing in monitored environ-
ments [40, 89], assuming access to the complete recording of the task execution.

Despite extensive progress in temporal segmentation [27], action recognition, and step
prediction for correctly executed procedures [28, 57], PCMD remains underexplored [6, 79].
Existing methods are few, often dataset-specific, computationally heavy, and fragile under
open-set conditions. Benchmarks also lack a unifying structure: some provide only binary
error flags, while others offer fine-grained taxonomies tied to single domains, hindering gen-
eralization and interpretability [60].

Against this backdrop, we introduce mistake detection in procedural videos and position
it at the intersection of Computer Vision and Natural Language Processing, with an emphasis
on temporal and structured reasoning about multi-step activities.
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1.1. The Context

1.1 The Context

1.1.1 Towards egocentric procedural AI assistants

Procedural video understanding lies at the intersection of Computer Vision and Natural Lan-
guage Processing: from the vision side, models must parse long, fine-grained interactions with
tools, objects, and changing states; from the language side, they must map observations to step
descriptions, protocols, and task constraints. The broader motivation shifts from passive un-
derstanding to active assistance in first-person settings. Assistant scenarios routinely couple
procedure understanding with interactive needs such as question answering, step guidance,
and execution verification [63]. In these settings, procedure-following errors are not edge
cases: they drive safety risks, quality failures, and costly rework, which makes verification
and diagnosis a core assistant capability, not an optional add-on [6].

1.1.2 Verification vs. anticipation

While much of the work on anomaly prediction and mistake detection targets action antic-
ipation (forecasting deviations early, for timely intervention) [57, 99], this thesis addresses
verification: judging what has happened in a procedure and whether it matches the intended
protocol. Procedures are goal-directed and temporally organized: steps constrain what can
happen next and which intermediate states must be reached. A system can recognize many
local actions and still miss that the overall protocol was violated (e.g., a required step was
omitted, two steps were transposed, or a critical action was performed on the wrong object).
Full-trajectory access also matters for corrections: recovery actions and compensations are
often identifiable only once the procedure unfolds to the end [6, 123]. Modern benchmarks
increasingly reflect this need via paired video–text representations, where step sequences form
the reference protocol and the video is evidence for or against it [47, 96].

1.2 The Problem Definition and Scope

We define PCMD as follows: given a full video of a multi-step activity that appears complete
and a reference instruction, the model must decide whether the task was executed correctly and
localize anymistakes that occurred. Specifically, the task is to (i) decide whether the execution
conforms to the protocol, (ii) localize segments or steps that deviate, and (iii) characterize the
deviation when possible.
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1.2.1 Terminology and Task Positioning

PCMD concerns identifying deviations from an expected behavior protocol in multi-step task
executions. The area commonly distinguishes settings that differ in the available evidence. In
mistake recognition, errors are diagnosed after the relevant actions have unfolded, using the
full temporal context; in mistake detection, the system additionally localizes error segments
instead of assuming pre-segmented clips; in early/online mistake recognition, the task moves
into an anticipatory regime, where an error is flagged before it fully manifests or while only
a prefix of the execution is available [6, 34]. These settings differ not only in timing, but also
in what counts as sufficient evidence.

In PCMD, the model observes a complete procedure execution from start to finish and ver-
ifies it against the protocol. This supports retrospective analysis of global dependencies (e.g.,
detecting that a step skipped early on was never compensated later) and aligns PCMD with
offline quality assurance. Thus, PCMD is also the natural setting for analyzing corrections:
certain recovery patterns become visible only when the full trajectory is available [6, 123].

1.2.2 Challenges in Post-Completion Mistake Detection

Taxonomy and comparability issues

Procedural mistake benchmarks span heterogeneous domains (cooking, assembly, repair,
chemical experiments), but datasets rarely share a compatible labeling scheme. Some em-
phasize structural deviations (skips, swaps), while others foreground executional issues
(technique, timing), and the boundary between “acceptable variation” and true error is
often unclear. Even when datasets share intuitive categories (e.g., omissions, order errors,
wrong execution), they differ in granularity and interpretation, especially for executional
mistakes [6]. This blocks direct cross-domain comparison and complicates transfer across
domains.

Another source of fragmentation is that many taxonomies do not tie an error to what ex-
actly is violated in the instruction: a wrong action, object, instrument, manner, or outcome.
Coarse categories may say that something went wrong, but remain uninformative about which
component of the step was violated, which limits both comparability and actionable feed-
back [67]. These issues motivate instruction-grounded error semantics, where mistakes are
attributed to violated semantic roles, alongside a shared high-level view of error structure.
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Dataset limitations and benchmarking challenges

Mistake-aware procedural datasets remain scarce, and many contain scripted mistakes [96]
performed in a staged manner that can miss the cognitive subtlety of real slips and recover-
ies [123]. In addition, existing mistake datasets tend to be small and exhibit limited seman-
tic and visual variance, which weakens benchmarking under real-world diversity [67]. The
largest datasets, such as Assembly101 [62] and CaptainCook4D [96], still include fewer than
400 videos from a single perspective.

Staged error collection can also introduce visual bias: mistake instances may look system-
atically different from correct ones, pushing the benchmark away from the subtlety expected
in natural settings [67]. Finally, even where mistake explanations exist, they are often free-
form and not structurally aligned to instruction components, and fine-grained grounding of
error timing is frequently missing, which complicates both automation and evaluation [67].
These limitations create common failure points for training and evaluation: models can pick
up dataset artifacts instead of robust mistake reasoning.

Limitations of vision-first and domain-specific pipelines

Many existing methods are vision-first and heavily tailored to a dataset’s annotation format.
They can be computationally heavy and hard to interpret: when a model flags an error, it may
not be clear whether failure stems from perception, temporal reasoning, protocol mismatch,
or evaluation artifacts. Dense supervision is also suboptimal: a common pattern is end-to-end
optimization on action/mistake labels that requires segment-level annotations of both correct
and erroneous executions.

A further limitation is that purely motion- or execution-centric modeling can miss mis-
takes that primarily manifest in outcomes: unintended object states or incorrect spatial ar-
rangements that look locally plausible while unfolding, but are wrong when judged by the
produced effect [46]. This pushes mistake detection toward representations that track state
changes and effects (not only action appearance), and toward evaluation under open-set devi-
ations, where unseen error modes are the norm, not the exception [6, 46]. These constraints
make structured, interpretable, and computationally modest PCMD approaches preferable to
vision-heavy, dataset-tuned pipelines.

Scientific motivation: the temporality gap in procedural verification

At the core of procedure verification lies a temporal question: what happened when, and did
the relevant actions actually complete duly in the required order? Procedural mistakes cannot
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be reduced to appearance-based irregularities; they require long-range temporal reasoning
over protocol structure. This gap becomes sharper when moving from online forecasting to
post-completion verification: the model must reconcile the full trajectory, including order
constraints, duration and termination, and potential recovery actions.

In linguistic semantics, temporal relations alone are not enough; verification also depends
on the internal structure of events. Procedural steps often behave like Vendler-style accom-
plishments: they unfold over time and have a natural culmination (a telos) [95, 126]. The
classic event-nucleus view decomposes an event into a preparatory process, a culmination,
and a consequent state [84]. PCMD decisions hinge on distinguishing between an ongoing
process and a completed step whose consequent state holds: the process may be visible while
the culmination fails or the expected state never materializes.

As our diagnostics show in Chapter 3, current VLM-based pipelines often struggle with
these fine-grained distinctions. Their failures reflect brittle temporal logic (confusing ongo-
ing and completed actions, missing constraints implied by procedural structure) and unreliable
decision behavior under common evaluation formats. Video–language benchmarks also fre-
quently under-specify fine-grained temporal structure, which makes temporal failures hard to
diagnose and canmask shallow strategies [17, 23, 71]. The broader video-LLM setting further
amplifies these issues in long videos, where temporal dependencies and evidence aggregation
are fragile and can interact with hallucination-like behavior [118]. These observations moti-
vate the central thesis of this dissertation: reliable PCMD calls for structured and interpretable
mechanisms over grounded step sequences, rather than black-box end-to-end VLM reasoning
alone.

1.3 The Solution
To address these challenges, this thesis proposes a unified, language-centered framework for
PCMD. The framework shifts procedural verification from purely visual end-to-end predic-
tion to a structure-first approach: video executions are grounded into textual step sequences,
and mismatch detection is performed primarily in text space with explicit temporal structure
and calibrated decisions.

1.3.1 Pillar I: Diagnostics of temporal reasoning and evaluation reliabil-
ity

The thesis first builds diagnostic evidence about where and why VLMs fail on procedural
verification prerequisites. It studies temporal reasoning through temporal markers, grammat-
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ical tense, aspect, and telicity, and analyzes reliability issues in video question answering
(VideoQA) evaluation, including selection bias and “blind guessing” behavior. These diag-
nostics motivate shifting away from using VLMs as final arbiters of fine-grained procedural
mismatches, towards structured verification over grounded step sequences.

1.3.2 Pillar II: Mistake-aware data and dataset assessment

The quality and quantity of annotated mistake-aware video data is a major bottleneck for
scalable and generalizable PCMD. To address this limitation, the thesis introduces PIE-V, a
semi-synthetic framework that uses psychology-informed planning to inject semantics-aware
mistakes and plausible corrections into clean procedures. PIE-V is paired with a dataset as-
sessment protocol that targets realism, coherence, and text–video grounding, supporting more
reproducible evaluation and robustness testing.

1.3.3 Pillar III: Structure-first PCMD via a language-grounded HMM

Finally, the thesis presents a lightweight interpretable baseline for PCMD. It grounds video
executions into step sequences and models them with a Hidden Markov Model (HMM).
Using a unified taxonomy based on edit operations, the method aligns intended and executed
sequences and reports protocol-relevant mismatches as interpretable error types.

This thesis follows a single progression from diagnosis to construction and verification.
Chapters 3 and 4 are not standalone excursions into VideoQA; they identify the reliabil-
ity and temporal-binding failures that make end-to-end VLM verification brittle for PCMD.
These diagnostic findings then motivate the two constructive parts of the thesis: Chapter 5
addresses the data bottleneck by building more realistic, instruction-grounded mistake traces,
while Chapter 6 addresses the modeling bottleneck by shifting the verification decision into
language-grounded step reasoning with explicit procedure structure.

1.4 Innovative Aspects

This thesis advances the state of the art by:

• Diagnostic grounding of limitations: a consolidated account of why end-to-end VLM
reasoning is unreliable for procedural verification, explained in terms of temporal con-
cepts, evaluation bias in VideoQA, and cross-modal misalignment patterns.
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• Scalable mistake-aware data methodology: a rubric for assessing mistake datasets
and a semi-synthetic pipeline (PIE-V) that injects semantically controlled mistakes and
plausible corrections under a unified taxonomy.

• Interpretable lightweight PCMD modeling: an efficient, dataset-agnostic, structure-
first baseline based on an HMM and edit-based diagnosis operating in text space, with
clear error reports via edit operations.

1.5 Structure of the Thesis

The thesis is organized as follows:

• Chapter 2 reviews background on procedural understanding, cognitive accounts of er-
rors and recovery, VideoQA-based evaluation, and procedural mistake detection.

• Chapter 3 and Chapter 4 derive diagnostic requirements for PCMD by analyzing re-
liability failures in VideoQA-style evaluation and temporal-binding failures in current
VLMs.

• Chapter 5 responds to these requirements on the data side by introducing PIE-V, a
framework for constructing and assessingmistake-aware procedural traces with realistic
errors and recoveries.

• Chapter 6 responds to the same requirements on the modeling side by introducing
ChronoFix, a language-grounded, structure-first framework that combines HMM-based
sequence verification with a representation study over raw step text, semantic roles, and
action–object abstractions.

• Chapter 7 concludes the thesis, summarizes how the three thesis pillars connect, and
outlines future work.

1.6 Publications, presentations, posters and works under
submission

The research carried out during this thesis has led to the following publications, manuscripts
under review, and presentations.
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Chapter 2

State of the Art and Background

This chapter reviews the conceptual and technical foundations relevant to PCMD. It covers
cognitive accounts of errors and corrections in routine procedures, procedural video under-
standing and step representations, how VLMs are commonly evaluated via VideoQA and
where such evaluation can mislead, and the current landscape of mistake-aware datasets and
mistake detection approaches. The chapter supports the three contribution lines of the thesis:
diagnostics, data, and structured PCMD modeling; and motivates the design choices devel-
oped in Chapters 3–6.

2.1 Cognitive Grounding: Errors and Corrections in Rou-
tine Procedures

Procedural errors are a natural part of human behavior, especially in sequential, goal-directed
activities. A classical distinction separates failures of execution from failures of planning.
Slips and lapses describe situations where the intention is correct but execution or memory
fails, while mistakes reflect incorrect plans or decisions [105, 106]. In routine procedures,
these failures often manifest as omitted steps, unintended repetitions, wrong substitutions, or
order disruptions. Such deviations are structured, not arbitrary: they correlate with limited at-
tention, working memory constraints, interference, similarity-driven capture, and monitoring
failures [15, 53, 88, 116].

A socio-technical perspective further frames errors as expected outcomes of complex sys-
tems: tightly coupled processes and high-risk settings make small deviations consequential
[97]. This matters for procedural AI assistants because the target setting is not a controlled
lab procedure but an environment where variability, interruptions, and partial observability
are the norm.
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2.1.1 Error types in sequential procedures

Reason’s taxonomy separates skill-based failures (slips/lapses), rule-based mistakes, and
knowledge-based mistakes [105, 106]. Norman further decomposes slips into categories tied
to habit and similarity (capture errors), ambiguous descriptions, data-driven or associative
intrusions, loss-of-activation, and mode errors [88]. These typologies are useful for PCMD
because they foreground where in the procedure a failure tends to occur and what kind of
information is typically missing (e.g., a monitoring check, a memory cue, or a task-state
signal).

2.1.2 Post-completion errors: relevance and scope

A specific cognitive phenomenon is the post-completion error: omitting a final “cleanup”
step after the primary goal appears achieved [15, 16]. This psychological feature provides a
relevant error cues: humans can treat a procedure as complete even when a protocol-critical
condition remains unsatisfied, because attention shifts away once the perceived goal is reached
[16]. PCMD targets the computational problem that follows from this human tendency: a
systemmust verify correctness after the execution appears finished, where errors can be subtle
and only diagnosable from the full trajectory.

2.1.3 Instruction following, working memory, and cognitive load

Instruction following links perception, language, and executive control. Working memory
capacity constrains how reliably people maintain step order, keep intermediate goals active,
and monitor completion [15, 53, 139]. Longer and cognitively demanding procedures become
more vulnerable to omissions and mis-ordering, especially under high intrinsic and extrane-
ous load [2, 9, 29, 92]. Cognitive load theory formalizes this as an additive pressure on limited
processing resources [2, 92]. Empirical and modeling work connects error likelihood to in-
terruptions and load, with omission-prone behavior emerging when the system is close to
capacity [15, 116].

For procedural video understanding, these accounts motivate two modeling commitments
used throughout the thesis: (1) representing procedural correctness through explicit structure
of steps, constraints, and temporal relations, and (2) treating corrections as first-class events
rather than accompanying action.
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2.1.4 Corrections, recovery behavior, and error management

Procedural executions often contain recovery. A person may commit an error and later correct
it by redoing a step, inserting a missing one, or undoing an incorrect action. This implies
that “incorrectness” is rarely a single isolated segment: it can propagate to later steps, and it
can also be mitigated by subsequent repair actions. Error recovery in socio-technical systems
highlights that correction behavior depends on the level at which the failure arises: skill-based
errors are often easier to spot and correct, while rule- or knowledge-based mistakes can be
detected later and are less likely to be repaired [105, 123].

These observations are directly relevant to PCMD. A model that flags a deviation must
distinguish (1) an erroneous step, (2) its downstream consequences, and (3) later corrective
actions. This thesis therefore treats corrections as part of the procedural semantics: they
appear explicitly in the PIE-V generation framework (Chapter 5) and interact with sequence
alignment and edit-based diagnosis in the PCMD model (Chapter 6).

2.2 Procedures as temporal–causal event structures

Procedures are not only ordered lists. They are temporal–causal structures in which steps
constrain what can happen next, which intermediate states must hold, and what counts as
completion. A temporal formalization describes relations between intervals (ordering, over-
lap, containment) [3]. Verification, however, also requires modeling the internal structure of
events: whether an action has a natural endpoint and whether it reaches it.

2.2.1 Aspect, perfectivity, and telicity

In linguistic semantics, events differ in whether they are bounded and whether they culminate.
Vendler’s class of accomplishments captures a typical procedural step: it unfolds over time
and has a necessary endpoint, such as tighten the screw or boil the pasta [95, 126]. The
event-nucleus view decomposes such events into a preparatory process, a culmination, and a
consequent state [84]. For verification, this decomposition is practical: the preparatory phase
can look locally plausible while the culmination fails or the consequent state does not hold.

Perfectivity and telicity compactly express this distinction. Perfective morphology and
telic predicates support completion inferences, while imperfective readings describe ongo-
ing processes without commitment to the endpoint [95, 126]. Visual-world studies show
that aspectual cues are integrated with perceptual evidence in real time: listeners shift atten-
tion toward depictions of completed outcomes when the verb form licenses completion, and
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completion inferences can be delayed relative to basic lexical integration in child processing
[13, 35, 36].

Completion entailments are also not uniform across languages. Perfective marking can
be a strong completion signal in some systems (e.g., Slavic perfectives), whereas tense-only
marking (e.g., English simple past) is a weaker and less reliable cue for culmination [83,
124]. This cross-linguistic asymmetry motivates treating completion as a reasoning target,
not a superficial verb-form feature: PCMD hinges on whether a step merely occurred or was
completed in a protocol-satisfying way.

2.2.2 Causality and culmination as verification signals

Procedures impose causal constraints: steps are ordered not only by time but by precondi-
tions and effects. Crucially, procedural causality is often mediated by culmination: one event
licenses the next once it reaches its endpoint, because the consequent state becomes the pre-
condition for subsequent actions [84]. This aligns temporal verification with outcome verifi-
cation: an execution can contain visually plausible motion while still violating the protocol if
the required effect is not achieved.

Event knowledge models link actions to expected participants and outcomes, providing
structured expectations about what should result from an event sequence [33]. For PCMD,
this motivates outcome-sensitive checks: a step can be present as a process, yet invalid as an
accomplishment if the telos is not reached or if the consequent state conflicts with what the
protocol requires.

Taken together, aspectual boundedness (telicity/perfectivity) and temporal–causal con-
straints define what “completion” means in procedures. This view supplies the conceptual
bridge between the cognitive grounding above and the VLM diagnostics in Chapter 3: proce-
dural verification requires stable representations of completion, ordering, and effects, and it
benefits from grounding these notions in both linguistic and perceptual signals [36, 83, 84].

2.3 Procedural video understanding: representations and
supervision

Procedural video understanding covers long-horizon activities where a video must be decom-
posed into meaningful units and mapped to a task structure (steps, subgoals, state changes),
not treated as a bag of short actions [82, 117, 156]. Temporal action segmentation formula-
tions target this decomposition explicitly, combining fine-grained boundary localization with
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higher-level activity regularities [27]. In parallel, procedure-aware representation learning
couples video with narrations or instructions to encode step semantics beyond motion cues
[155]. A reference point here is Ego-Exo4D [44], a large-scale egocentric–exocentric corpus
of skilled activities with high-quality time-indexed language channels (e.g., narrations and ex-
pert commentary) and curated procedural annotations (e.g., keysteps). While not designed as
a mistake benchmark, its expert commentary stream often functions as an execution critique,
and the strong temporal alignment makes it a valuable substrate for grounding-intensive veri-
fication.

2.3.1 From actions to steps: protocols and step sequences

A protocol can be treated as an ordered step sequence with implicit preconditions and effects,
where correctness depends on the global consistency of the realized trajectory. Datasets op-
erationalize protocols differently: some provide full step text, some provide action labels,
and some provide narrations that only partially cover the underlying protocol. For PCMD,
step-level language is particularly informative because many deviations are structural (miss-
ing, repeated, swapped, substituted steps) and are most naturally diagnosed in sequence space
rather than frame space [47, 96].

2.3.2 Step representations: from raw descriptions to semantic-role
frames

Step representations vary along three axes: granularity (coarse vs. fine), linguistic variability
(free-form vs. constrained), and semantic explicitness (what parts of the instruction are made
machine-checkable). Raw human-written step text is expressive but underspecified for verifi-
cation: the same intent can appear with different surface realizations, and crucial constraints
(participants, instruments, result states) may be implicit.

A complementary representation treats each step as a predicate–argument (semantic-role)
frame: a core action predicate plus role slots for the participants and relevant adjuncts (e.g.,
AGENT, OBJECT, INSTRUMENT, LOCATION, MANNER, DESTINATION, ORIGIN, DEGREE, RE-
SULT and more). This is close in spirit to semantic role labeling (SRL) and to argument-
structure accounts that connect verb meaning to participant roles [10, 42, 93]. For PCMD,
role-structured steps provide two practical benefits:

• Comparable mismatch types across domains. Deviations can be described as role
violations (wrong object, wrong tool, wrong target state), which stays stable when sur-
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face step wording differs. This also makes it easier to align mistakes to what exactly is
violated in the instruction rather than assigning a coarse error label [67].

• Controllable edits for mistakes and corrections. A role-slot view gives direct edit
handles for synthetic perturbations (swap OBJECT, delete INSTRUMENT, substitute RE-
SULT), which matches the needs of PIE-V (Chapter 5) and the representation study in
the mistake detection module after the HMM pipeline (Chapter 6).

Finally, outcome-sensitive verification becomes easier to express when step meaning in-
cludes effects or result states: locally plausible execution dynamics can still produce the wrong
effect, and this failure mode calls for tracking action consequences, not only motion patterns
[46].

2.3.3 Supervision and grounding: aligning video with protocol structure

The usefulness of any step representation depends on whether the video execution can be
grounded into a step sequence with reliable boundaries and identities. Weak alignment be-
tween segments and protocol language adds ambiguity: a model may recover an approxi-
mately correct step list but still lose the evidence needed for verifying completion, ordering
constraints, and corrections. This motivates keeping the grounding interface explicit (video→
step sequence) and evaluating it separately from downstream mistake diagnosis (Chapter 6).

2.3.4 Structure learning: graphs, constraints, and verification

Procedures can also be represented as structured objects (task graphs, state machines, con-
straint systems) rather than flat lists. Such representations support verification queries over
executions and can express alternative valid paths or optional steps [60, 87, 110]. This thesis
follows the same verification-first direction, but treats language-grounded step sequences (and
their semantic-role structure) as the primary space where protocol constraints and deviations
are stated, aligned, and diagnosed. This choice directly sets the stage for Chapter 4. By enforc-
ing explicit step grounding, we compel the system to resolve temporal completion, ordering,
and causal effects—precisely the capabilities that end-to-end VLMs lack, as evidenced by their
unreliable behavior in diagnostic VideoQA settings.

This verification need becomes even sharper in the emerging vision-language-action
(VLA) paradigm, where models must not only describe procedures but also act in the world.
As VLA systems move toward executing long-horizon tasks, reliable post-hoc and in-the-loop
verification becomes a safety-critical capability rather than a benchmark feature [154]. In
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such embodied contexts, PCMD serves not merely as a retrospective debugging tool, but as a
critical safety monitor that prevents execution failures from propagating into physical risks.

2.4 How VLMs are evaluated through VideoQA
VideoQA is a widely used interface for evaluating VLMs: a model answers natural-language
questions about a video, and answers are scored either in open form or via multiple-choice
selection [54, 153]. The format appears to probe reasoning about events, relations, and time,
yet for procedural verification it can blur two distinct questions: whether the model can solve
a temporal query, and whether the benchmark forces the model to use video evidence rather
than shortcuts.

2.4.1 VideoQA benchmarks for temporality and procedural structure

Temporal and causal question types (“before/after”, “during”, “as”) target event understanding
and are often treated as proxies for procedural competence [51, 136]. In procedural settings,
such questions approximate verification sub-skills: recognizing whether a step happened,
whether it completed, how it relates temporally to another step, and whether the realized se-
quence is consistent with a protocol. Dedicated temporal benchmarks increase coverage of
temporal relations and boundary cases that static-image reasoning cannot capture [17, 23, 71].
This thesis uses VideoQA primarily as a diagnostic lens (Chapter 3): it isolates temporal and
procedural failure modes that later reappear in PCMD, while also exposing evaluation artifacts
that can inflate apparent competence.

2.4.2 Multiple-choice VideoQA: convenience, selection bias, and “blind
guessing”

Multiple-choice VideoQA (MC VideoQA) reduces the output space to a fixed option set, sim-
plifying evaluation and comparison. However, the MC format amplifies dataset artifacts and
model priors: correlations between answer options and question templates, positional effects,
lexical regularities, and option-length patterns can become strong enough that accuracy no
longer reflects video grounding. This phenomenon is closely related to selection bias in
MCQA, a systematic preference for particular options or positions that persists even when
evidence is weak or absent [66, 72, 98, 127, 152].

Selection bias has been extensively documented for text-only LLMs, including position
and token biases and the use of prior-separation strategies for debiasing [152]. For vision-
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language MCQA, the space of dedicated studies is smaller, but unimodal shortcuts have been
shown to meaningfully affect measured performance: strong answers can be selected from lan-
guage priors even when visual evidence is suppressed or uninformative [137, 146, 147, 158].
For video-language MCQA, this concern becomes sharper: videos increase computational
cost and introduce additional degrees of freedom (temporal unfolding, camera motion, ob-
ject persistence), while MC benchmarks may still allow high accuracy from question-only or
weakly grounded heuristics.

From the perspective of procedural verification, this creates the failure mode of blind
guessing: correct answers can be produced with limited reliance on the video stream, creat-
ing an illusion of temporal reasoning. Empirically, bias can be studied by comparing standard
inference to blind zero-question settings and by controlled perturbations of options, questions,
or video evidence [127, 147]. Debiasing approaches fall into several broad families that mat-
ter for interpreting VideoQA results: (i) prior modeling / separation (e.g., controlling for
option priors via shuffling-based protocols) [152], (ii) benchmark augmentation via option
re-ordering or expansion to dilute positional artifacts [72, 127], (iii) unimodal-bias isolation
(e.g., suppressing visual input to estimate language priors) [146, 147], and (iv) confidence-
based calibration that redistributes probabilities based on uncertainty estimates [98]. These
ideas motivate the diagnostic protocol in Chapter 3, where MCVideoQA is treated as a biased
measurement channel rather than a direct readout of video reasoning.

2.4.3 Consistency as a reliability diagnostic beyond accuracy

Accuracy on VideoQA benchmarks can mask instability: the same underlying video evidence
can predict different answers when the input is perturbed in meaning-preserving ways. One
common operationalization is self-consistency, tested via alternations such as paraphrasing,
adding filler tokens, or injecting irrelevant statements while preserving the intended meaning
of the query [32, 94, 143]. A complementary notion is logical consistency, which requires
that repeated predictions remain coherent and non-contradictory across iterations and equiva-
lent formulations [138, 148]. For procedural verification, however, stability must be assessed
not only within the text channel but also across modalities. A model may remain internally
consistent while drifting away from video evidence, producing stable yet weakly grounded
answers. This motivates cross-modal consistency diagnostics, where consistency is evalu-
ated through comparison-based judgments over paired examples rather than single-instance
answering. CAST instantiates this idea by probing whether a model makes consistent similar-
ity judgments when the semantic overlap between two visual inputs should support the same
textual decision.
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Comparison-style evaluation has also been used in vision–language benchmarks built
around contrastive pairs, where visually similar inputs differ in a small number of key at-
tributes or relations [30, 38, 150]. In the procedural domain, analogous comparison probes
help separate genuine grounding from template-driven answering: consistency becomes in-
formative precisely when the model’s uncertainty would otherwise lead to unstable outputs.

Consistency is also closely tied to uncertainty and hallucination behavior: higher uncer-
tainty can produce noisier and less consistent generations [19]. For this reason, consistency-
based checks have been used as signals of misalignment and hallucination risk [65, 78, 86]. In
trustworthiness-style diagnostics, inconsistency is frequently used as a practical proxy for hal-
lucination: when grounding is weak, the same claim tends to break under equivalent queries
or alternate evidence views [19, 78, 86]. In PCMD, this translates into a concrete failure mode:
an ungrounded VLMmay contradict itself when asked about the same deviation from different
angles, motivating verification signals that are stable under re-querying and rephrasing.

Furthermore, such external inconsistency often correlates with the entropy of the model’s
internal states [19], which reinforces the need for the decision calibration mechanisms we
propose in Chapter 6.

While such diagnostics do not guarantee factual correctness in the absence of ground truth,
they provide a practical reliability lens for VideoQA-based evaluation and motivate the cali-
bration and bias-aware analyses adopted later in this thesis (Chapter 3).

Chain-of-thought is not a temporal fix. Multimodal chain-of-thought prompting can im-
prove explanation fluency, but it does not guarantee faithful temporal grounding: models may
produce plausible reasoning traces while still relying on priors or incomplete evidence [132].
For procedural verification, this reinforces the value of explicit structure, where intermedi-
ate decisions (alignment, transitions, edits) have checkable semantics rather than free-form
rationales.

2.4.4 Decision Calibration and Signal Detection Theory

Both VideoQA and PCMD can be viewed as decision problems under uncertainty: models
trade off misses and false alarms when deciding whether evidence supports a hypothesis. Sig-
nal Detection Theory separates sensitivity from decision threshold and makes explicit the role
of calibration [77]. This perspective is useful for procedural verification because it motivates
thresholded decision-making and calibration on correct-only data, later used in the PCMD
model (Chapter 6). It also motivates reliability-focused evaluation protocols in human judg-
ment studies, which is relevant to dataset assessment and plausibility audits in PIE-V (Chap-
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ter 5) [4, 104, 145].
However, many of these evaluation pathologies ultimately surface because temporal rep-

resentations remain brittle: models may recognize relevant content without reliably binding
it to order, overlap, and completion, which we discuss next.

2.5 Temporal reasoning for procedures
Temporal reasoning for procedures is not limited to ordering events along a timeline. For ver-
ification, it is crucial to represent (a) temporal relations between events and (b) the internal
temporal structure of events, including completion and boundedness. Linguistically, this cor-
responds to the interaction of tense, aspect (including perfectivity), and telicity [84, 95, 126].

2.5.1 Temporal relations: ordering, overlap, and duration

Procedural steps impose constraints on what can happen next and what may overlap. Some
actions are sequential by necessity; others can interleave without violating the protocol. Tem-
poral relations therefore function as verification signals: a detected step may be present but
occur at an invalid time relative to others, or it may occur without reaching its intended effect
[3].

2.5.2 Completion as a verification cue

Verification depends on distinguishing “in progress” from “done” in a way that respects event
structure. Completion judgments combine evidence about the preparatory process, the cul-
mination, and the consequent state [84]. This motivates diagnostic probes that explicitly test
completion- and culmination-sensitive reasoning in VLMs (Chapter 4) and motivates PCMD
approaches that avoid relying on brittle implicit completion cues alone (Chapter 6).

2.6 Mistake-aware datasets and benchmarks
Mistake detection depends on datasets that expose models to protocol deviations and provide
supervision beyond standard action recognition. Compared to mainstream procedural corpora
(Table B.1), existing mistake-aware resources differ along three practical axes: scale (how
many videos/tasks are available), protocol expressivity (whether steps are provided as natural
language or only as normalized action labels), and mistake supervision (whether errors are
labeled globally, localized in time, and whether they are binary or typed). This heterogeneity
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shapes what can be learned, how models generalize across domains, and what kinds of failure
modes can be evaluated [6, 67].

A spectrum of supervision. Existing benchmarks differ in how tightly they connect mis-
takes to the underlying protocol. At one end, mistakes are treated as binary sequence va-
lidity without localized diagnosis. For instance, SVIP/CSV labels whether an entire execu-
tion matches a reference protocol, emphasizing global structural deviations while leaving
the source of failure implicit [101]. A more informative regime marks where errors occur
by attaching binary correctness flags to action/step segments (e.g., “correct” vs. “mistake”),
which supports temporal localization but still collapses diverse deviations into a single la-
bel [62, 131].

Richer datasets introduce typed mistakes that mix structural deviations (omission, repeti-
tion, swap, substitution) with executional failures (wrong object, wrong technique, timing/tem-
perature issues), often through domain-specific taxonomies [47, 61, 96]. In these settings, the
protocol is frequently present as step text, which enables linking an error not only to time, but
also to the intended instruction.

Instruction grounding and explanation. For PCMD, mistake labels become substantially
more actionable when they are tied to what exactly is violated in the instruction (action, ob-
ject, instrument, manner, order constraint), rather than being a coarse tag attached to a segment.
Some datasets therefore add natural-language explanations aligned to step descriptions (or im-
plicitly referencing them). In this case models can learn mistake semantics rather than only
anomaly signatures [47, 96]. Still, explanations are often free-form, unevenly grounded, and
difficult to convert into structured supervision that is comparable across datasets. This mo-
tivates instruction-anchored formulations where mistakes are attributed to violated semantic
roles and task constraints [67].

Corrections as first-class events. Procedural errors frequently co-occur with recovery: an
incorrect step may be followed by undoing, redoing, or compensatory actions. If these are
not explicitly represented, models can incorrectly penalize corrections as additional mistakes,
or miss the fact that an early error was repaired later. A small subset of datasets includes
explicit correction labels or correction-relevant annotation channels (e.g., detaching a wrong
part [26, 111], conversational interventions [131]), which is particularly important for post-
completion verification [61, 62, 131].

Not all supervision useful for PCMD comes from dedicated mistake datasets. Ego-
Exo4D [44], for example, provides time-indexed expert commentary that mentions suboptimal
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or incorrect execution decisions.

Benchmarking constraints. Three dataset-level constraints repeatedly surface as bottle-
necks for PCMD:

• scale and variance: mistake instances are sparse and costly, and staged mistakes can
introduce visual shortcuts and distribution artifacts [67, 96];

• protocol text quality: action-label protocols (verb–object tags) often underspecify con-
straints needed for semantic verification compared to step text [6];

• text–video grounding: weak alignment between steps and segments makes it hard to
ground executions into step sequences, which is a prerequisite for language-grounded
diagnosis; moreover, even when step/segment timestamps are available, fine-grained
localization of error onset and completion is often missing beyond step-level bound-
aries [6, 47].

Table 2.1 summarizes representative mistake-aware procedural datasets in a supervision-
oriented view. Datasets with only video-level correctness labels (e.g., SVIP/CSV [101]) sup-
port global verification but provide limited training signal for localizing mistakes or charac-
terizing their type. Other datasets treat mistakes as binary anomalies at the segment level
(e.g., ATA [41], BRIO-TA [85]), which is compatible with open-set detection objectives but
typically does not explain what instruction constraint was violated. A third group provides
step- or segment-level mistake labels and may expose correction behavior, either explicitly
(through correction tags) or implicitly (through surrounding steps and narration/interaction
traces) [26, 111, 131].

For PCMD, protocol representation is a central constraint. When the protocol is avail-
able only as action labels, mistake descriptions are limited to coarse surface forms (often
verb–object phrases), whichmakes it harder to express instruction-sensitive deviations (wrong
argument, wrong instrument, wrong manner). Datasets that include natural step text en-
able language-grounded verification and support richer mistake characterization, including
protocol-aligned explanations [47, 61, 96]. Finally, scaling mistake supervision can rely on
constructing mistake instances over existing egocentric corpora rather than collecting all er-
rors organically; MATT [67] follows this direction and is therefore listed separately as a con-
structed benchmark.

These dataset properties motivate the assessment rubric and semi-synthetic enrichment
pipeline introduced in Chapter 5, which explicitly targets realistic deviations and corrections
and protocol-aligned, comparable supervision for PCMD.
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Table 2.1: Mistake-aware procedural video datasets (compact supervision view). #V: videos;
#T: tasks/scenarios; #S: step/action classes when reported. Step ann.: Step = natural step text,
Act = action labels; +ts indicates timestamps. Err. sup.: V = video-level, Seg = segment-level,
Step = step-level; Bin = binary, Typed = multi-class. Expl.: protocol-aligned natural-language
explanations. Corr.: explicit correction labeling.

Dataset #V #T #S Domain Step ann. Err. sup. Expl. Corr.

SVIP/CSV [101] 70 14 106 chemical experi-
ments

Act V–Bin × ×

ATA [41] 141 3 15 toy assembly Act Seg–Bin × ×
BRIO-TA [85] 75 1 23 toy assembly Act+ts Seg–Bin × ×
EPIC-Tent [50] 24 1 38 tent assembly Act+ts Seg/Step–Bin × ×
Assembly101 [111] 362 101 202 toy assembly Act+ts Seg/Step–Bin × ✓‡

IndustReal [107] 84 2 75 toy assembly Step+ts Step–Bin × ×
HoloAssist [131] 350 20 414 AR-assisted ma-

nipulations
Step+ts Seg–Bin × ✓

CaptainCook4D [96] 384 24 352 cooking Step+ts Step–Typed ✓ ×
EgoPER [61] 386 5 70 cooking Step+ts Step–Typed × ✓
EgoOops [47] 40 5 46 various Step+ts Step–Typed ✓ ×
MATT† [67] – × – various Step Step–Typed ✓ ×

†MATT is constructed by augmenting existing egocentric corpora; counts depend on the chosen source subset.
‡Corrections are derived from undo/detach-style recovery actions [26].

2.7 Approaches to mistake detection
Procedural mistake detection methods vary most along two practical axes: when the deci-
sion is made (online/early vs. post-completion) and what is treated as the primary evidence
for correctness (vision-first signals vs. explicit procedural structure). Across mistake-aware
benchmarks such as EgoOops [47], CaptainCook4D [96], and EgoPER [61], this typically
amounts to temporal modeling over recognized actions/steps and deciding when an observed
stream departs from an expected procedural flow. A second-order difference is how “correct-
ness” is represented: as a discriminative classifier over labeled error types, or as a normality
model that flags deviations from learned correct behavior [6].

2.7.1 Online detection vs. post-completion verification

Online and early settings treat mistakes as anomalies in an unfolding action stream: given the
prefix up to step t−1, the system decides whether the current observation is compatible with
what should happen next, without using future context. A common pattern is to (1) recognize
the current step/action, (2) maintain a belief over feasible next steps through a learned or in-
duced task structure, and (3) flag low-probability transitions or out-of-distribution actions as
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mistakes. PREGO [34] and TI-PREGO [99] instantiate this logic with task-graph-conditioned
expectations and open-set deviation detection in egocentric assembly streams. Differentiable
Task Graph Learning (DTG) [110] makes the task graph itself learnable from demonstrations
and injects it at inference as a structured prior for online mistake detection. Related assembly-
oriented formulations maintain symbolic or hybrid beliefs over feasible intermediate states
and flag steps that violate the evolving procedure state [26]. AMNAR [49] extends the “what
comes next” idea by modeling multiple plausible normal continuations and matching the on-
going action to the closest reconstructed normal representation, again under partial evidence.
These online formulations align naturally with assistant-style settings where the system must
monitor execution and potentially trigger interventions while the user is acting [131]. In all
of these, the core constraint is the absence of look-ahead: recovery actions and delayed con-
sequences can be difficult to interpret when only prefixes are available.

PCMD assumes the full execution is available and shifts the objective from anticipation
to verification against a protocol. Full-sequence access enables explicit sequence-level rea-
soning (alignment to a reference procedure, edit-based diagnosis, aggregation of weak local
evidence) and makes it possible to interpret recovery actions retrospectively (e.g., an early
omission that is later repaired) [6, 123]. PCMD pipelines therefore often combine temporal
localization of steps/segments, an explicit notion of expected structure (script, task graph, or
step sequence), and a diagnostic layer that explains deviations.

2.7.2 Vision-first pipelines vs. structure-aware approaches

Vision-first pipelines learnmistake signatures directly from video features and dataset-specific
supervision. This includes segment-level discriminative training for error categories (com-
mon in domain-tied taxonomies), as well as modality-driven normality modeling where de-
viations in embeddings, attention, or auxiliary signals are treated as mistakes [49, 79]. Such
approaches can work well when error modes are well covered by the dataset labels and visu-
ally distinctive. Their main limitation in procedural settings is that a visually plausible action
stream can still violate the protocol in structural ways (skip/swap/substitution), and these vio-
lations are often easier to express and diagnose in procedure space than in raw feature space.
While end-to-end VLMs attempt to learn these structural constraints implicitly from data, they
often fail to capture the rigorous temporal logic required for verification, as we demonstrate
in Chapter 4.

Structure-aware approaches make the protocol explicit and treat mistake detection as in-
compatibility with a constrained procedure model. SVIP/CSV [101] formalizes verification
at the sequence level by judging whether an execution conforms to a reference protocol. Task-
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graph formulations [60] generalize this idea by representing procedures as graphs that can
encode alternative valid paths and support error recognition beyond a single canonical se-
quence. Outcome- and state-centric modeling further emphasizes that certain errors are better
diagnosed through effects (state changes, end states, object configurations) rather than motion
dynamics alone: action-effect modeling flags mistakes when the predicted/observed effects
do not match what the procedure entails [46], and state-change counterfactual objectives ex-
plicitly target what changed (and what plausibly could have changed) under procedure con-
straints [56]. In industrial settings, this idea can appear as explicit reference-state comparison,
where deviations are localized by comparing observed states to correct reference states [62].

VLM-based pipelines sit between these families: they provide strong video-to-text ground-
ing and can leverage scripts or step descriptions directly at inference, but their reliability de-
pends on temporal reasoning, grounding stability, and decision calibration (Chapter 3). Some
approaches use VLMs or LLMs to judge completed procedures and produce explanations
conditioned on the script [114], while others combine textual protocols with segment-level
classification in multimodal datasets [47]. These trends motivate a decomposition where the
VLM is used primarily for grounding (video→ step sequence), and verification/diagnosis is
done with an explicit, calibrated procedure model.

Table 2.2 summarizes representative methods in a compact, supervision- and structure-
oriented view. The placement is not meant as a taxonomy of all variants, but as a map of
dominant modeling choices that later chapters reuse and recompose.

This thesis follows the structure-aware direction, but separates grounding from verification.
Chapter 3 shows why temporal reasoning and decision reliability can break inside end-to-end
VLM evaluation; Chapter 5 addresses data realism, comparability, and correction modeling;
and Chapter 6 proposes a language-grounded, computationally modest PCMD baseline where
the video is first grounded into a protocol-aligned step sequence and mistakes are diagnosed
through an explicit probabilistic sequence model.

2.8 Summary of gaps and requirements for PCMD
Taken together, the background above highlights three requirements for progress in PCMD:

1. Temporal–causal verification signals. Procedural correctness is not reducible to “did
an action occur”: it depends on ordering and overlap constraints, on whether steps cul-
minate (completion as accomplishment), and on whether the intended effects and conse-
quent states hold. This creates a gap between surface temporal querying and verification-
grade reasoning about completion, outcome, and causal preconditions.
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Table 2.2: Representative procedural mistake detection methods (compact view). Set.: set-
ting (On/Post). Str.: injected structure. Sig.: core signal. Sup.: supervision type. Bench.:
evaluation benchmarks (abbrev.).

Method Set. Str. Sig. Sup. Bench.

PREGO [34] On TG A B A101, ET
TI-PREGO [99] On TG A/LLM B A101, ET
DTG [110] On TG A B A101, ET
Every Mistake Counts [26] On ST Cns B/T A101
AMNAR [49] On – A B A101
SVIP/CSV [101] Post RP Ver B CSV
StateDiffNet [62] Post ST SD B Ind (asm.)
ED-VLP (EgoPER) [61] Post Prt P T EPR
Weakly-sup. unseen er-
rors [41]

Post – A W ATA

Gaze-based normality [79] Post – Gz C ego (skill)
Action-effect modeling [46] Post Eff E B/T proc. err.
Generalized Task Graph [60] Post TG Ver B/T proc. vid.
Script-conditioned
VLM [114]

Post Scr L B/T text+vid

Set.: On=online/early, Post=post-completion. Str.: TG=task graph, ST=state model/reference,
RP=reference protocol, Prt=step prototypes, Eff=effects/state-change, Scr=script/step text, –=none.
Sig.: A=next-step anomaly/normality, Ver=sequence/protocol verification, Cns=constraint/state con-
sistency, SD=state difference, P=prototype deviation, E=effect mismatch, Gz=gaze deviation,
L=language (script-conditioned judgement/explanations), A/LLM=anomaly with LLM/VLM prompt-
ing. Sup.: C=correct-only, B=binary, T=typed, W=weak/unsupervised. Bench.: A101=Assembly101,
ET=EPIC-Tent, EPR=EgoPER, ATA=ATA, CSV=SVIP/CSV, Ind (asm.)=industrial assembly setups.

2. Mistake data with realism and comparability. Existing mistake-aware datasets differ
in scale, protocol expressivity, and supervision regimes (video-level vs. segment/step-
level; binary vs. typed), and only a subset explicitly represents corrections or provides
protocol-aligned explanations. Progress requires supervision that is comparable across
domains, grounded to what is violated in the instruction (including semantic-role-level
mismatches), and paired with measurable text–video grounding quality.

3. Interpretable, efficient models in procedure space. Vision-heavy, dataset-tuned
pipelines can be expensive and hard to diagnose when they fail, while MC VideoQA-
style evaluation can inflate apparent competence through bias and blind guessing.
PCMD therefore benefits from models that separate grounding from verification, oper-
ate explicitly on protocol-aligned step sequences, and use calibrated decision rules to
diagnose deviations (omissions, insertions, substitutions, reorderings, and recovery) in
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a transparent way.

These requirements shape the contributions developed in Chapters 3–6: diagnostic evalua-
tion of temporal and decision reliability, data enrichment and assessment for realistic mistakes
and corrections, and a structure-first, language-grounded PCMD model that performs verifi-
cation and diagnosis in text space.
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Chapter 3

Diagnostics: Reliability Pitfalls in
VideoQA-Style Evaluation for PCMD

This chapter studies a practical obstacle to PCMD: even when a VLM can recognize relevant
content, standard evaluation interfaces can make it appear reliable while it is in fact making
decisions driven by priors and artifacts. The central claim is that PCMD is a verification
problem: a thresholded decision about correctness under temporal–causal constraints, and
therefore it is particularly sensitive to (1) multiple-choice selection bias when assessed through
Accuracy, (2) hallucination-prone inconsistencies, and (3) weak cross-modal grounding.

Provenance. Parts of Sections 3.2–3.2.5 are adapted from our ACL 2025 work on multiple-
choice selection bias in VideoQA. Sections 3.3–3.3.4 draw on our CAST study on cross-modal
inconsistency.

3.1 What PCMD requires from reliability and decision-
making

PCMD systems ultimately make a decision of the form “is this execution correct with respect
to a protocol?” This decision is often thresholded: a system must flag deviations (that repre-
sent mistakes) while controlling false alarms. This amplifies two reliability requirements.

Requirement 1: evidence must be separable from priors. If a model can guess correctly
from question/option regularities, then accuracy does not imply video grounding, and any
downstream threshold inherits that unreliability.
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Requirement 2: decisions should be stable under equivalent queries. If a model contra-
dicts itself under rephrasings or alternate views of the same evidence, it is likely operating with
weak grounding. In trustworthiness-style analysis, inconsistency is often a practical proxy for
hallucination [19, 78, 86].

These requirements motivate the diagnostics below and inform the later design choice
to separate grounding (video → step sequence) from verification/diagnosis (sequence-level
decision in an explicit procedure model).

3.2 Reliability in multiple-choice VideoQA: selection bias
and “blind guessing”

Section 2.4.2 argued that multiple-choice evaluation can decouple measured accuracy from
actual video grounding. Here we move from motivation to diagnosis: we treat MC VideoQA
as a decision channel whose output can be systematically distorted by option priors. Con-
cretely, we ask a simple reliability question: if the task is made ill-defined by removing one
essential component (video, question, or option content), does the model collapse to near-
uniform guessing? Empirically it does not. Instead, many VLMs retain stable preferences for
option positions, making confident predictions even when evidence is missing. We refer to
this as blind guessing.

This matters for PCMD because verification is typically thresholded: any persistent op-
tion prior acts like an uncalibrated confidence baseline, contaminating downstream decisions
unless explicitly measured and removed.

3.2.1 Problem setup and why it matters for PCMD

Consider anMCVideoQA task composed of three independent channels: the video context V ,
the question text Q, and the answer options O. A task is well-defined only if the combination
(V,Q,O) points to a unique correct option. If any component is removed (e.g., V = ∅), the
task becomes ill-defined, and an ideal unbiased reasoning agent should produce a uniform
probability distribution over the options, reflecting maximum uncertainty.

Empirically, modern VLMs do not behave this way. They exhibit systematic deviations
from uniformity—stable preferences for specific option positions (e.g., Option C) or lexical
features—even when the video or question is missing. Formally, we investigate the bias
BiasM by observing the model’s behavior on decomposed variants Av=0 (no video), Aq=0

(no question), and Ao=0 (no option text). For PCMD, this is critical because verification is
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Figure 3.1: Decomposition idea: removing a key component makes the MC task ill-defined;
non-uniform predictions under the ill-defined task reveal selection bias.

typically thresholded. A persistent option prior acts as an uncalibrated “confidence baseline,”
contaminating downstream decisions (such as “Mistake” vs “Correct”) unless explicitly mea-
sured and removed.

3.2.2 Decomposition diagnostics: making bias visible
We diagnose selection bias by constructing ill-defined variants of each benchmark item via
three “attacks” that remove one key component:

• Av=0: the video is replaced by zero frames (video removed),

• Aq=0: the question is emptied (question removed),

• Ao=0: option texts are replaced by option IDs only (options-content removed).

As illustrated in Figure 3.1, we systematically isolate these components to measure the
model’s prior distribution when the task is structurally broken.

In a fair model, predicted option probabilities under these attacks should be close
to uniform. Instead, the attacks expose strong option preferences. We quantify this us-
ing dispersion-style bias metrics (e.g., option-wise standard deviations of Recall and F1;
probability-distribution dispersion via Jensen–Shannon distance).

For transparency, we provide concrete examples of all evaluation perturbations in Ap-
pendix A.1.3 (Table A.5).
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3.2.3 Calibration via option-prior estimation (BOLD)

We estimate an option prior from ill-defined variants and remove it from the model posterior.
Let Po(· | T ) be the model distribution over option IDs for the original task T . We estimate a
global prior P̃p by averaging predictions on attacked variants:

P̃p(d) =
1

K

∑
T∈Dk

softmax

 ∑
A∈{Av=0,Aq=0,Ao=0}

sA(d | T )

 , (3.1)

where sA(d | T ) are model scores for option d under attack A. We then debias the original
prediction by subtracting the log-prior:

Pd(d | T ) ∝ exp
(
logPo(d | T )− log P̃p(d)

)
. (3.2)

Weighted_BOLD learns a weighted combination of attacked priors (Appendix A.1).

3.2.4 Results: bias drops, accuracy is more interpretable

Across multiple benchmarks, STAR [133], NExT-QA [134, 135], Video-MME [37], Percep-
tion Test [100], BOLD-style calibration reduces option-wise dispersion and often improves
accuracy. More importantly, the calibration exposes when performance is inflated by priors:
large improvements in bias metrics under ill-defined tasks indicate that pre-calibration accu-
racy partly reflected selection artifacts.

Full per-benchmark results (accuracy and bias dispersion metrics) for BOLD and
Weighted_BOLD under different estimation budgets are reported in Appendix A.1, Ta-
bles A.1–A.4. Exact decomposition prompt formats and experimental setting variants are
listed in Appendix A.1 (see Table A.5 and Sec. A.1.1).

3.2.5 Implications for PCMD: thresholding needs calibrated signals

The key takeaway is not merely “VideoQA is biased”, but that MC bias directly contaminates
thresholded verification. In PCMD, a decision rule should be built on signals with a clear
evidential interpretation, such as sequence likelihood under a protocol model, edit structure
and consistency of step grounding, rather than raw MC option selection.
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3.3 Cross-modal inconsistency as a proxy for hallucination:
CAST

Selection bias is one reliability pitfall; another is that a model can remain fluent and locally
plausible while drifting away from the visual evidence. A practical way to expose weak
grounding is to test whether the model is consistent when asked the same underlying ques-
tion through meaning-preserving perturbations or through paired comparisons.

3.3.1 CAST setup: comparison-based consistency

CAST (Cross-modal Asymmetric Similarity Test) is a diagnostic that asks whether a model
makes stable similarity judgments when only a small set of semantic attributes is changed
between two visual inputs. The benchmark is built from controlled pairs: two short images
(or videos) are designed to be semantically close, but differ in a key attribute; the model must
answer a comparison query where the correct decision depends on grounding, not priors.

Figure 3.2 illustrates a full CAST constituent end-to-end. Given a paired input of visually
and textually close items, the model first generates short similarity statements, and we then
re-evaluate those statements under three evidence conditions (image-only, text-only, and im-
age+text). Disagreements between the model’s own generation and its subsequent evaluations
(marked by red crosses) operationalize cross-modal inconsistency as a grounding diagnostic.
Note that VLMs may produce hallucinations, as the CAST method checks for consistency
rather than correctness.

CAST operationalizes grounding reliability as consistency under controlled pairwise per-
turbations: given a minimally-changed pair (x, x′) and a comparison query q, a grounded
model should preserve its decision whenever the semantic relation implied by q is unchanged.
We measure consistency via flip rates across paraphrases/views and accuracy on the targeted
attribute.

We introduce CAST (shown in Figure 3.3) as a fully automated two-step approach to eval-
uate multi-modal self-consistency in VLMs. It leverages similarities between two scenes to
assess a model’s ability to evaluate its own outputs. In our case, a scene is an image paired
with its high-quality description from the DOCCI Dataset [90].

Unlike difference captioning, emphasizing similarities forces the model to perform a com-
prehensive scene sweep. For instance, if tasked with finding differences between two images,
the model might only attend to one image or highlight minor details like color changes. Em-
phasizing similarities encourages a deeper evaluation of each input.

The first step of CAST is to prompt the VLM to generate a number of statements about the
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Figure 3.2: CAST example: paired inputs differ in a targeted attribute; comparison questions
probe whether the model’s judgment is stable under controlled semantic overlap. Horizontal
blocks show generated statements, while vertical blocks are evaluations for each modality:
image-only, text-only, and image+text. Red crosses indicate where each model disagrees with
its own generation during the evaluation step. Similarity topics are highlighted in bold.

similarities between two input scenes SA and SB. Since we generate a list of similarities using
theVLM, each subsequent similarity statement is conditioned on all previously generated ones.
We can view the generation of a given similarity as follows:

sim0 = V LM(SA, SB, P
gen) (3.3)

simi = V LM(simi−1, ..., sim0;SA, SB, P
gen), (3.4)

where P gen are the instructions. Similarity statements are generated for different modalities:
scenes can be represented as two images (Simg), two text descriptions (Stxt), or two images
combined with the corresponding descriptions (Simg+txt).

We obtain the similarity statements conditioned on a pair of scenes for each modality
stream. We restrict the input pairs to the same modality and generate all statements using
greedy sampling (t = 0).
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false

Both scenes feature a cat in a bathtub. 

Both cats are white with black features. 

Both cats are looking to the right. 

Both tubs are white.

Both tubs have a drain cover.

false

…

…

…

…

…

…

…

…

…

…
VLM

... … …

true

An indoor 
downward view of a 
white cat with 
black ears and a 
black spot around 
its left eye sitting in 
a white bathtub…

A top-down front 
view of a black and 

white cat lying in a 
white bathtub...

1) Generation: Find similarities between both images|descriptions|scenes

2) Evaluation: Does statement x apply to both 

images|descriptions|scenes?

Figure 3.3: CAST is two-fold. In the first step, we ask the model to generate a set of similarity
statements conditioned on different modality input types (image-only, text-only, both). In the
second step, the model validates the truthfulness of the generated statements with respect to
eachmodality. This allows us tomeasurewhether theVLM is self-consistent within amodality
and across different modalities.

3.3.2 Evaluating Similarities

The second step of our approach is to evaluate each similarity statement and test whether a
model remains consistent under different modalities. Since we focus on self-consistency, we
use the samemodel for both generation and evaluation. The evaluation step can be represented
as follows:

s = V LM(SA, SB, P
eval), (3.5)

where s is 1 if the model confirms that the statement is true and 0 otherwise. We filter out
the generations that cannot be parsed. Prompt templates are given in Appendix A.2 (Sec-
tion A.2.2). To mitigate bias towards a certain prompt or phrasing [98, 109], we use three
different evaluation prompts. Thus, apart from the conventional Yes/No questions, we ask the
model whether the statement applies to one or both scenes and whether the statement is true
or false. To quantify self-consistency, we report the average s over all the evaluated pairs and
prompts for each modality permutation (both generated and evaluated with).

3.3.3 Findings: inconsistency correlates with weak grounding

We tested the following open-source and closed-source VLMs for self-consistency, each with
distinct vision encoders, language models, and training dataset: Bunny 1.1 [48], LLaVA [70]
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in three configurations: LLaVA 1.5 (Vicuna [21]), LLaVA 1.6 (Llama [122]), and LLaVA 1.6
(Mistral [52])1, InternVL2 [20],MiniCPM V2 [140],Phi 3.5 Vision [1],GPT4o-mini[91].

Across tested models, CAST reveals systematic inconsistency: models can answer cor-
rectly on one phrasing or one view, but flip under equivalent comparisons, suggesting that
the decision is not anchored in the visual evidence. This aligns with trustworthiness work in
LLMs: inconsistency is often correlated with hallucination and overconfidence [19, 78, 86].

The inconsistency implies that traditional accuracy on VideoQA benchmarks is partly
illusory. For PCMD, this necessitates the structured approach defined in Chapter 6, which
relies on edit-distance alignment rather than black-box QA.

3.3.4 Implications for PCMD: verification should be stable under re-
querying

For PCMD, CAST-style inconsistency translates into a concrete failure mode: an ungrounded
VLM may contradict itself when asked about the same spatial deviation or when queried at
different time scales (segment-level vs step-level). This motivates using structured verifica-
tion signals, such as alignment, transition constraints, and edit costs, that remain stable under
rephrasing and can be audited.

3.4 Summary: reliability constraints carried forward
The diagnostics in this chapter motivate three reliability constraints that later chapters adopt.

Constraint 1: MC accuracy is not evidence without debiasing. Decomposition exposes
strong option priors; calibration makes downstream thresholding more meaningful.

Constraint 2: inconsistency is a red flag for weak grounding. Comparison-based diag-
nostics (CAST) show that fluent outputs can be unstable when evidence is weak, connecting
inconsistency to hallucination risk.

Constraint 3: PCMD should use calibration-compatible signals. Verification is best per-
formed in a space where intermediate decisions are checkable (step alignment, likelihood
under a protocol model, explicit edit structure), rather than in opaque end-to-end option selec-
tion.

1Additionally, we evaluated LLaVA 1.5 RLAIF [142], a version of LLaVA 1.5 aligned through AI feedback.
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On the data side, this means that mistake-aware supervision should be grounded in explicit
procedural structure rather than isolated anomaly labels; on the modeling side, it means that
verification should operate on protocol-aligned step sequences rather than on opaque end-to-
end answers.

Taken together, these diagnostics show that a VLM answer is too unstable to serve as
the final PCMD decision. They motivate the next part of the thesis: first a closer analysis
of temporal reasoning failures in Chapter 4, then a shift to controlled data design improving
training and evaluation of mistake-detecting models in Chapter 5 and explicit sequence-level
verification for PCMD in Chapter 6.
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Chapter 4

Diagnostics: The Temporality Gap in
VLMs

This chapter targets a second prerequisite for Post-Completion Mistake Detection (PCMD):
robust temporal and causal binding. VLMs often recognize what actions occur, yet fail to
represent when they complete, how they relate (before/after/overlap), and which consequent
states they license in a procedure. This gap matters for PCMD because many procedural
mistakes are inherently temporal: misordering, premature transitions, missing culminations,
and state-inconsistent continuations.

Provenance. Sections 4.2–4.2.4 adapt our CLiC-it 2023 paper on telicity biases in temporal
VideoQA. Sections 4.3–4.3.4 are based on our BMVA 2024 Vision & Language Symposium
poster on scaling temporal VideoQA via automated temporal annotation and template genera-
tion. Sections 4.4–4.4.8 adapt our ACL 2025 work on PERFECT TIMES about cross-linguistic
perfectivity and temporal binding.

4.1 Conceptual framework: procedures as causal event
chains

A procedure is not merely a list of action names. Procedural steps are constrained by precon-
ditions and effects; many steps are accomplishments whose successful completion licenses
subsequent actions. This makes completion a verification signal rather than an optional de-
tail.
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Event structure and completion. Vendler’s event classes distinguish accomplishments (du-
rative actions with an inherent endpoint) from activities (durative actions without a necessary
endpoint) [126]. Moens and Steedman’s event-nucleus decomposition separates a preparatory
process, a culmination, and a consequent state [84]. In PCMD terms, a step may be visible as
a process yet still be incorrect if its culmination fails or the consequent state does not hold.

Telicity vs perfectivity (why language helps diagnose video understanding). Telicity is
primarily a lexical/semantic property: some predicates encode an endpoint internally (e.g.,
assemble, close). Perfectivity is primarily a grammatical aspectual packaging of event bound-
aries (e.g., perfective vs imperfective viewpoints). Procedural verification depends on both:
lexical endpoints define what counts as completion, while aspectual cues signal whether an
event is presented as completed, ongoing, habitual, etc. Multilingual diagnostics are therefore
a useful stress test: if a model cannot use explicit completion cues in language, it is unlikely
to infer completion reliably from video alone.

Across the three studies below, we probe whether models: (1) separate ongoing vs com-
pleted readings of the same event, (2) bind actions to the temporal moment required by a
question (not merely “see” the action), and (3) handle boundary-sensitive relations (before,
after, when or while; overlap and succession) beyond a narrow set of templates.

4.2 Study I: Telicity bias in temporal VideoQA
This study (CLiC-it 2023, The Inherence of Telicity) asks whether a strong VideoQAmodel ex-
hibits systematic completion-like preferences when the question targets ongoing events. The
core hypothesis is that VLMs over-associate procedural events with endpoints, implicitly treat-
ing “action observed” as evidence of completion.

Previous research explored telicity for textual transformer-based [125] models, showing
that they can classify activities based on duration and telicity with an accuracy surpassing 80%
[81]. This indicates transformer’s ability to capture temporal reasoning through aspect classi-
fication. We extend this line of research to VLMs, where video content becomes the ultimate
confirmation of telicity and therefore check its relevance for answering temporal questions
related to simultaneous and consecutive activities.

4.2.1 Setup: telicity-annotated NExT-QA temporal subset

We analyze a temporal subset of NExT-QA and annotate events in the main clause and de-
pendent clause of questions with telicity labels. This enables a targeted error analysis: when
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questions are phrased to query ongoing events, do models still prefer telic (endpoint-leaning)
interpretations?

We consider the aspects of question’s both main and dependent clauses.

Figure 4.1: Example of a temporal question and answer options in NExT-QA augmented with
our annotation for telic (T) and atelic (A) actions.

All question activities are divided into two groups: activities of the main clause (MCA)
and activities of the dependent clause (DCA). Both question groups, as well as the target
and predicted answers, were annotated independently with the following labels of the internal
temporal structure:

• T (telic) for activities implying an endpoint (e. g., “what happened”, “pick up camera”,
“after the door opens”),

• A (atelic) for enduring processes (e. g., “how is the person in black positioned”,
“smiles”, “while watching”), and

• U (undefined) for activities lacking clear telicity and duration (e. g., “what does the
dog do”, “do the same”, “to man’s action to him”).

Additionally, an I (irrelevant) marker was assigned to answers unrelated to aspectuality,
such as “astonished” or “nothing”. This marker appears among the target answers too in
response to questions like “how did the boy react to...” or “what does the person do while...”.

4.2.2 Model and protocol
We evaluate SeViLA [141] in a zero-shot setting on the annotated test set. Besides overall
answer accuracy, we compute a reduced test subset (RTS) that allows mapping answer options
to telic/atelic classes, making telicity-classification style metrics.
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The example of an annotated question-answer pair fromNExT-QA along with the SeViLA
answer is given in Figure 4.1

The obtained results revealed the overall accuracy of 63.18% and the T-type question ac-
curacy of 60.18%. On RTS, we obtained 58.1% of matching predicted and target answers. We
further calculated the telicity precision, recall, F1 score and accuracy on the annotated RTS.

4.2.3 Results: telic-prone substitutions
Our analysis shows an asymmetric substitution pattern: telic answers substitute for atelic tar-
gets more often than the reverse. The model exhibits a clear inclination towards selecting
telic values instead of the target atelic ones: in 26,12% of the target atelic answers it chooses
the telic ones, while there are only 14.45% of the opposite cases. This is consistent with an
endpoint-driven bias: even when questions target an ongoing interval, model decisions drift
toward “completed” readings.

The full results are in Table A.7 (Appendix A.3).
The telicity cues may have their origins in the question’s both MCA and DCA. As much as

in the question about the next action SeViLA disregards the DCA’s telic action, it also struggles
to correspond with the atelic activities of the MCA in the answer for the ongoing action.

4.2.4 Implications for PCMD
For PCMD, telicity bias translates into a concrete verification risk: a step may be treated as
“done” once its process is visible, even if the culmination and consequent state are missing.
This motivates completion-aware representations and state checks in later chapters: PCMD
should not reduce correctness to mere action recognition.

4.3 Study II: Scaling temporal VideoQA diagnostics with
automated annotation

A practical obstacle to diagnosing temporal competence is that many existing temporal
and causal VideoQA benchmarks probe a narrow set of constructions (often simple be-
fore/after or immediate “as soon as” triggers). This limited linguistic and relational coverage
can mask brittleness: models may appear strong while failing on overlap, containment,
boundary-touching cases, and more realistic paraphrases. We address the need for a more
comprehensive coverage-first approach to temporal reasoning diagnostics with our scaling
framework.
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4.3.1 Construction: from timestamped actions to broad relation cover-
age

The framework takes as input any video corpus with time-stamped event annotations (such as
procedural datasets) and generates temporal VideoQA instances by composing:

• Event-time primitives: pairs of actions with intervals or boundaries derived from
timestamps;

• Relation templates: a broadened inventory of temporal relations, including Allen-style
interval relations (overlap, meets, during, etc.) [3];

• Distractors (for MCQA): options that preserve action content but violate the required
temporal relation;

• Paraphrase augmentation: LLM-based rephrasing to increase linguistic diversity
while keeping semantics fixed.

The key idea (shown in Figure 4.2) is scaling by quality: instead of merely adding more
samples of the same easy relations, we systematically cover a wider relation space and then
test robustness under paraphrasing.

4.3.2 Why paraphrasing is not a cosmetic change

Template-generated questions are controllable but linguistically “artificial”. To approach
human-like dialogue while preserving the targeted temporal relation, we paraphrase each
template question with an LLM: we generate multiple rephrasings and then sample one
variant, providing diverse natural formulations.

This also produces a diagnostic lever: if model ranking flips between template and para-
phrase variants, the benchmark is measuring surface-form sensitivity rather than stable tem-
poral binding.

4.3.3 Results: low accuracy and robust sensitivity to form

Empirically, both SeViLA and IDEFICS3 [58] obtain low accuracy on these temporal variants,
indicating difficulty with event-sequence reasoning even under MCQA evaluation. At the
same time, both models show relatively stable behavior under paraphrasing in the settings we
tested. This suggests that the main bottleneck is not only linguistic variation but the underlying
temporal representation.
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Figure 4.2: Scaling procedural VideoQA datasets with automated temporal annotation
scheme.

4.3.4 Implications for PCMD

Scaling diagnostics supports a thesis-level point: evaluation must broaden relation coverage
and control linguistic form. PCMD-grade verification should be tested under overlap/contain-
ment/boundary cases and under meaning-preserving paraphrases, because brittle temporal
representations can be masked by narrow templates or dataset priors.

This study also motivates the next one: once relation coverage is addressed, we can probe
whether explicit aspectual marking (perfective/imperfective) helps models bind video evi-
dence to temporal logic.

4.4 Study III: Perfectivity and cross-linguistic deep tempo-
ral reasoning in VLMs

This study on PERFECT TIMES asks whether explicit linguistic marking of completion and
duration helps VLMs bind video evidence to temporal relations. The central hypothesis is
that many VideoQA successes reflect action recognition without reliable temporal–causal
binding: models may identify what happens in a clip, yet fail to determine when an event
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Table 4.1: Poster diagnostic: accuracy under template-based temporal VideoQA and para-
phrased variants. Templates + LLama2 (STAR) means: STAR is template-built; we para-
phrase STAR questions with LLama2. LLama2 (NExT-QA) means: we paraphrase NExT-
QA questions with LLama2.

Benchmark variant SeViLA acc. (%) IDEFICS acc. (%)

Templates (Assembly101-QA) 34.6 61.6
Templates + LLama2 (Assembly101-QA) 34.5 61.5
Templates + LLama2 (STAR) 43.5 35.7
LLama2 (NExT-QA) 51.2 37.2

culminates, and which temporal relation holds between two events (precedence, succession
or overlap).

4.4.1 Motivation: tense, perfectivity, and observation as language-
specific trade-offs

Reasoning about temporal and causal relations between actions typically relies on three
sources of information: temporal anchoring (tense and explicit temporal markers such as
before, while, after); aspectual viewpoint, in particular perfectivity, which encodes whether
an event is presented as completed/culminated vs. ongoing; and observation, i.e., perceptual
evidence that confirms whether a state change actually occurred.

Crucially, languages allocate this explanatory burden differently. In English, temporal
anchoring and perfectivity marking are informative but often leave room for contextual res-
olution, keeping observation as an equal partner in deciding whether an event has actually
completed. Italian tends to encode temporal sequencing and event status more explicitly
through a richer inventory of tense/aspect/mood and advanced sequence-of-tense constraints
(concordanza dei tempi), somore of the ordering and completion information can be recovered
from the utterance itself. Russian shifts weight toward perfectivity expressed through lexical
choices and aspectual verb pairs, which can make completion contrasts especially salient in
the surface form. Japanese, by contrast, can leave completion-like readings more dependent
on context, increasing reliance on observation for disambiguation.

Figure 4.3 schematically summarizes these differences and motivates multilingual tempo-
ral VideoQA as a principled stress test: if a model genuinely binds to the video, performance
should be broadly stable across synchronized question families, whereas large language-
specific deviations suggest that the model is extracting temporality from the text tokens rather
than from the underlying visual evidence.
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Figure 4.3: Schematic intuition: languages differ in how much temporal ordering and comple-
tion can be inferred from linguistic marking (tense/perfectivity) versus resolved from context
(observation).

4.4.2 Dataset design: parallel templates for temporal relations and per-
fectivity

PERFECT TIMES is a multilingual multiple-choice temporal VideoQA benchmark with 3,739
question-answer pairs and a human gold standard of 93.36%. Each item is built around two
timestamped actions: a main-clause action (MCA, the queried action in the correct answer)
and a dependent-clause action (DCA, the action that establishes temporal context). Questions
are generated from parallel template families across languages, so that the same underlying
temporal relation is queried with language-appropriate tense/aspect marking.

We generate questions by systematically varying:

• Temporal relation between MCA and DCA (precedence, succession, overlap), aligned
to a broad relation inventory (Allen-style interval relations) [3];

• Completion viewpoint (completed vs. ongoing readings) in both MCA and DCA, to
test sensitivity to perfectivity cues;

• Distractor types that separate temporal binding from action recognition (Sec-
tion 4.4.4).

For readability, we summarize the design here and provide the full multilingual template
inventory and examples in Appendix A.4.1 and Appendix A.4.2.

4.4.3 Template families and examples
Templates are organized into three families corresponding to common temporal queries in
VideoQA: precedence (before), succession (after), and simultaneity/overlap (while/when).
The goal is to forcemodels to distinguish: event identity (which action), from event boundaries
(completed vs. ongoing), and the relation demanded by the question.
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Table 4.2: Examples of questions and answers in PERFECT TIMES generated by temporal and
aspectual templates with respect to the telicity markers (t: telic, a: atelic). MCA: main clause
action, DCA: dependent clause action.

Template MCA DCA Question Answer
Precedence

3 t a What had the person in the video done before holding the sandwich? The person had opened the refrigerator.
4 t t What had the person in the video done before the other person walked

through a doorway?
The person had closed the laptop.

6 a a What had the person in the video been doing before playing with a phone or
camera?

The person had been watching the television.

7 a t What had the person in the video been doing before turning off the light? The person had been playing with a phone or
camera.

Succession
1 t a What did the person in the video do after tidying up the table? The person put the food somewhere.
2 t t What did the person in the video do after they had opened the box? The person put the bag somewhere.
10 a a What was the person in the video doing after sitting in a chair? The person was sitting on the floor.
11 a t What was the person in the video doing after taking the cup from somewhere? The person was drinking from the cup.
9 a t What was the person in the video doing when the other person closed the

door?
The person was watching the television.

Simultaneity
5 t a What did the person in the video do while the other person was sitting on the

floor?
The person opened the door.

8 a a What was the person in the video doing while holding the book? The person was holding the bag.
12 t t What did the person in the video do when they grasped onto a doorknob? The person opened the door.

Figure 4.4: Distractor taxonomy in PERFECT TIMES relative to the correct answer.

4.4.4 Distractors: separating temporal binding from action recognition

Each item includes three distractors designed to probe distinct failure modes.

Distractor Type 1 represents the same action as in the correct answer, but with the opposite
completion viewpoint. This directly tests sensitivity to perfectivity compatibility between
question and answer.

Distractor Type 2 has a different action that occurs in the same video, and the same com-
pletion viewpoint manipulation as of the correct answer. It is paired with the same complet-
ed/ongoing manipulation as Type 1 and tests whether a model identifies the decisive temporal
moment required by the question, not merely a plausible action.
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Table 4.3: Illustrative minimal-pair structure for PERFECT TIMES. Type 1: same action, oppo-
site completion viewpoint. Type 2: different in-video action with the same viewpoint manip-
ulation.
Question What did the person do after they closed the box?

Correct They picked up the tape.
Type 1 They were picking up the tape.
Type 2 They were putting the box down.
Type 3 They washed a plate.

Distractor Type 3 denotes an out-of-context action. An action absent from the current
video, serving as a basic grounding sanity check.

Option positions are randomized per item.

4.4.5 Concrete diagnostic example (minimal pair)

Tomake the distractor logic explicit, Table 4.3 illustrates a representative structure of one item.
Type 1 preserves the same action but flips completion viewpoint; Type 2 replaces the action
with another in-video event while applying the same flip.

4.4.6 Experimental protocol

We tested both the open-source and closed-source multilingual VLMs: Qwen2-VL [129],
MiniCPM-V [140], InternVL2 [20], LLaVA-NeXT-Video [149], GPT-4o [91], and Gemini-
2.0-Flash-Lite [120]1. Additional details on open-source models are given in Table A.13 of
Appendix A.5. The main metrics are Accuracy and Error Rate by distractor type. Model
configurations and prompts are reported in Appendix A.5.

4.4.7 Main results: language sensitivity and distractor-driven failures

Table 4.4 reports the full multilingual results on PERFECT TIMES for all evaluated models,
including the distractor-type error breakdown. This allows us to compare not only aggregate
performance, but also the structure of temporal failures across models and languages.

The full results make two points clearer than the compact topline alone. First, performance
varies substantially across models, confirming that temporal reasoning remains broadly unsta-
ble rather than failing only in one open/closed comparison. Second, the relative error mass on

1We use the experimental endpoint available via API.
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Distractor Types 1 and 2 shows that most failures arise from imperfect temporal binding and
completion compatibility, not from gross failures of visual grounding alone.

Most models ignore aspectual compatibility and fail under in-video confounds. Across
models, the dominant error sources are Distractor Types 1 and 2, i.e., options that remain
visually plausible and differ primarily in completion viewpoint and temporal placement. For
most models, the majority of errors come from Type 2: a competing in-video action wins even
when it does not match the temporal moment required by the question. This suggests that
models often do not identify which boundary (start vs end, overlap vs succession) is decisive,
even when they can recognize the relevant actions.

InternVL2 shows stronger temporal localization but weaker sensitivity to subtle comple-
tion contrasts. InternVL2 differs from the overall trend: its errors are dominated by Type 1
in every language except English. This indicates a model that is comparatively better at se-
lecting the right in-video event (hence fewer Type 2 errors), yet still struggles to align the
completion viewpoint expressed in the answer with that required by the question. Notably, In-
ternVL2 performs worst in Italian, consistent with the idea that richer inflectional inventories
for encoding temporal relations increase the burden on precise grammatical interpretation.

Finally, because questions are synchronized across languages, large language-wise devia-
tions are diagnostically meaningful: if a system relied primarily on the video, accuracy should
not swing strongly with the surface form. The comparatively stronger Russian performance
across models is consistent with the hypothesis that VLMs partially recover temporality from
lexical cues in the text (where completion contrasts can be especially salient), rather than
binding completion to observation.

4.4.8 Implications for PCMD

PCMD requires exactly the capability that fails here: grounding a video into a temporally
valid trace where step completion and ordering constraints are respected. The cross-linguistic
results suggest that, in current VLMs, temporal reasoning is often extracted from language
tokens (sometimes successfully; for instance, where lexical cues are strong), but does not
reliably bind completion to observation.

This supports a practical design choice for PCMD: use VLMs where they are strongest
— to produce accurate, fine-grained step interpretations (and the textual distinctions between
correct vs incorrect step realizations), but perform the verification decision with a separate,
explicit mechanism over step descriptions (sequence constraints, state consistency, edit struc-
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ture), where temporal logic is auditable. This explicitly motivates the design of the HMM-
based verifier in Chapter 6, which separates step recognition (VLM strength) from sequence
logic (VLM weakness).

This motivates the two constructive parts of the thesis that follow. Chapter 5 addresses the
data side by making completion-, ordering-, and recovery-sensitive deviations explicit in the
procedural trace itself. Chapter 6 addresses the modeling side by separating step grounding
from sequence-level verification, so that temporal logic is enforced by an explicit procedure
model rather than inferred end-to-end by the VLM.
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Table 4.4: VLM results on PERFECT TIMES across languages (percent). Columns Distractor
Type 1–3 report error rates by distractor type, i.e., the percentage of instances where themodel
selected an option of that type; therefore, Acc + D1 + D2 + D3 = 100 for each row.

Model Accuracy F1 Macro Distractor Type 1 Distractor Type 2 Distractor Type 3

English

Gemini-2.0-flash-lite 43.41 42.19 22.15 30.42 4.01
GPT-4o 43.25 34.39 21.96 31.14 3.64
MiniCPM-V-2_6 36.19 35.5 27.68 31.08 5.05
Qwen2-VL-7B-Instruct 35.09 32.68 21.24 39.2 4.47
InternVL2-8B 34.86 33.36 27.34 29.09 8.7
LLaVA-NeXT-Video-7B 33.38 32.86 25.39 30.99 10.22

Italian

Gemini-2.0-flash-lite 43.11 42.15 21.85 30.78 4.25
Qwen2-VL-7B-Instruct 41.59 39.63 21.95 32.09 4.35
GPT-4o 40.71 32.34 25.29 31.45 2.49
MiniCPM-V-2_6 37.42 35.73 29.55 28.96 4.07
InternVL2-8B 34.07 32.38 32.00 24.63 9.3
LLaVA-NeXT-Video-7B 25.92 17.65 25.40 29.74 18.88

Russian

Gemini-2.0-flash-lite 46.99 46.33 19.04 29.85 4.12
GPT-4o 45.04 44.97 19.60 32.15 3.21
InternVL2-8B 36.87 34.37 28.82 25.54 8.77
MiniCPM-V-2_6 36.29 34.61 28.88 30.20 4.63
Qwen2-VL-7B-Instruct 34.13 32.75 20.40 39.5 5.96
LLaVA-NeXT-Video-7B 26.95 24.7 24.3 36.00 12.74

Japanese

Gemini-2.0-flash-lite 43.06 41.77 22.19 31.43 3.32
MiniCPM-V-2_6 38.73 36.31 30.25 26.34 4.68
GPT-4o 38.49 30.65 23.78 35.23 2.49
Qwen2-VL-7B-Instruct 37.52 36.85 20.17 37.90 4.41
InternVL2-8B 35.05 31.65 31.22 23.92 9.81
LLaVA-NeXT-Video-7B 26.18 19.24 25.25 33.06 15.41
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Chapter 5

PIE-V: Constructing and Benchmarking
Mistake-Aware Procedural Videos

Real-world procedural assistants must account for natural human errors in tasks. However,
such errors are underrepresented in instructional video datasets, and collecting dedicated
mistake-aware datasets is costly, time-consuming, and human-resource intensive. Currently,
only a few datasets explicitly include errors; their annotations are inconsistent, error tax-
onomies are idiosyncratic, and many “errors” are staged rather than spontaneous [47, 61, 96,
111]. As a result, large-scale realistic training remains a major bottleneck.

This chapter introduces PIE-V (Psychologically Inspired Error injection for Videos), a
semi-synthetic framework for enriching clean procedures with psychologically plausible mis-
takes and plausible recovery behavior, together with a rubric for assessing mistake-aware
datasets. PIE-V follows a plan-first approach: it decides what mistake happens where, and
whether it is corrected, before rewriting the procedure text and optionally modifying the video.

Additionally, PIE-V takes into account that mistakes are often followed by recovery. In
natural procedures, errors frequently trigger recovery: people notice an error and redo a step,
insert a missing action, or undo an incorrect state [15, 16, 105, 106]. Many existing mistake-
aware datasets either treat mistakes as isolated “anomalous segments” or do not model correc-
tions explicitly, which can make them appear artificial and less representative of real-world
procedural behavior. PIE-V explicitly generates error–correction traces to better approxi-
mate real executions where errors are embedded in coherent goal-directed activity.

Provenance. This chapter builds on the paper How to Correctly Make Mistakes: A Frame-
work for Constructing and Benchmarking Mistake-Aware Egocentric Procedural Videos [74],
accepted to the EgoVis Workshop at CVPR 2026. Related ideas were also presented in our
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BMVA 2025 Vision & Language Symposium poster on Psychologically Inspired Error Injec-
tion in Instructional Videos.

Contributions in this chapter.

• A dataset assessment rubric targeting realism and coherence of mistakes at both step-
level and procedure-level.

• A plan-first enrichment pipeline PIE-V that injects controlled errors and plausible cor-
rections into clean procedures, guided by cognitive insights on error likelihood across
procedure phases [15, 16, 88, 105].

• An empirical comparison between existing mistake-aware datasets, LLM freeform
“make the procedure wrong” generation, and PIE-V + LLM generation.

Chapters 3 and 4 showed that PCMD cannot rely on end-to-end VLM judgment alone:
correctness decisions must be grounded in explicit procedural structure, temporal dependen-
cies, and stable verification signals. PIE-V responds to these findings on the data side. Its goal
is not only to synthesize errors, but also to construct mistake-aware traces whose deviations,
recoveries, and downstream consequences are explicit enough to support procedure-level ver-
ification.

5.1 Why current mistake-aware datasets are insufficient
Mistake-aware procedural datasets have been instrumental in establishing benchmark tasks for
procedural anomaly detection andmistake analysis, where the primary goal is often to localize
or classify visually observable deviations from the expected step execution at a given moment.
Such benchmarks are tightly coupled to their task formulations and evaluation protocols (e.g.,
segment-level correctness vs. error) and are frequently designed to support error detection as
an isolated recognition problem rather than full-horizon procedural reasoning [6, 63].

From the perspective of procedure-aware mistake detection and correction, these
datasets are not “insufficient” per se; rather, they reflect sensible design choices aligned with
their original objectives. However, PCMD places additional requirements on the data: the
ability to represent long-range dependencies between steps, to relate mistakes to downstream
consequences, and to capture the fact that real-world errors are frequently followed by re-
covery actions that restore the procedure to a valid state. In this chapter, we focus on these
PCMD-specific requirements and analyze where current datasets provide partial coverage
and where further enrichment is needed.
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Beyond the raw size, for training and evaluation of realistic mistake detection and recovery
the following systematic limitations matter:

(1) Small scale and staging. Only a small number of datasets include mistakes with step-
level descriptions, and several rely on staged deviations rather than spontaneous ones. For
instance, datasets may have few videos, narrow tasks, or experimental setups that differ from
everyday environments, such as lab-like conditions, marked objects, scripted behaviors [47,
61, 96, 111].

(2) Missing recovery behavior. Errors in real procedures are often followed by recovery,
such as redo, rollback, or compensatory actions. Ignoring recovery collapses a key aspect
of human error management: whether an execution ends correct despite intermediate devia-
tions [16, 105]. This omission also biases datasets toward looking “artificially wrong” rather
than naturally imperfect.

(3) Taxonomy fragmentation and limited comparability. Datasets use different error tax-
onomies. They can be cooking- or assembly-specific classifications of errors or psychologi-
cally motivated by the nature of a mistake. Cross-dataset comparisons are difficult and solu-
tions are not generalizable [47, 61, 96]. This thesis therefore emphasizes a unified structural
taxonomy consistent with error-as-edit views: insertion, deletion, substitution, transposition,
wrong execution and correction.

(4) Procedure-level coherence is not guaranteed. Even when step-level mistakes are la-
beled, the overall procedure may become incoherent with the text protocol or world state. As
described in Chapter 2, this is especially relevant for PCMD: realistic evaluation requires
modeling global sequence logic, causal consistency, and text–video alignment.

5.2 Rubric for assessing mistake-aware datasets

A central PIE-V contribution is a structured rubric for evaluating mistake-aware procedural
datasets. The rubric targets both local realism of mistakes and global coherence of the whole
procedure. It aligns with best practices for human evaluation where multiple complementary
criteria are used rather than a single subjective score [4, 59].
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Metric Scale What it measures
Error Validity Binary Whether the deviation should be considered a mistake

or a plausible deviation.
Human Plausibility Likert (1–5) How natural and human-like the mistake appears in

context (not “too perfect”, not bizarre).
Confusability Likert (1–5) How difficult it is to notice the mistake (proxy for de-

tectability / severity).
Procedure Logic Binary + Likert

(1–3)
Whether the overall procedure becomes logically bro-
ken due to the mistake(s), with annotator confidence.

Sequence Consistency Likert (1–5) Whether the edited step sequence remains consistent
and executable as a procedure.

State-Change Coher-
ence

Binary Whether the world state implied by steps remains co-
herent (no impossible state transitions).

Video Plausibility Likert (1–5) Whether the video depiction of the mistake looks nat-
ural (when video is available).

Text–Video Grounding
Consistency

Likert (1–5) Whether the textual procedure matches what happens
in the video at the episode level.

Table 5.1: Overview of the PIE-V dataset assessment rubric.

5.2.1 Rubric dimensions

Table 5.1 summarizes the main rubric dimensions used in our study. Full wording and
annotator-facing descriptions are provided in Appendix B.2.

5.2.2 Annotation protocol and agreement

We use 5 annotators (2 male, 3 female; age 20–47; all with higher education). The annotation
UI is shown in Figure 5.1.

To support consistent judgments, annotators are presented with a paired setting: (i) a
reference execution of the same (or closelymatched) procedure without mistakes (with video),
and (ii) amistake-aware execution containing explicitly markedmistakes and (when present)
marked corrections. Thus, the task is not to discover where the mistake occurs, but to assess
the quality and realism of the already indicated deviations and recoveries under the rubric.

For each rubric dimension, the interface provides a short metric description (a hint) ex-
plaining what the score should capture, and annotators select values from a drop-down menu
(binary choices, categorical labels, or Likert scales depending on the metric, see details in
Appendix B). This reduces ambiguity in interpretation and standardizes the rating procedure
across datasets and generation settings.

Agreement is quantified with Krippendorff’s α (Table 5.7). As expected, objective labels
(e.g., Error Validity) show substantially higher agreement than inherently subjective ratings
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Figure 5.1: Annotation interface used for the PIE-V rubric (example from the electronics task
in EgoOops). Annotators are shown a referencemistake-free execution (with video) alongside
a mistake-aware execution containing mistakes and corrections (highlighted in red). The
goal is not to localize errors but to rate the indicated deviations on step-level and procedure-
level criteria. Each metric includes a short in-UI explanation, and ratings are selected via
drop-down menus.

Dataset Videos Total steps Mistake steps Mistake rate Avg. steps/video Avg. mistakes/video

EgoPER 25 358 134 37.43% 14.32 5.36
EgoOops 25 302 87 28.81% 12.08 3.48
Assembly101 25 409 166 40.59% 16.36 6.64
CaptainCook4D 25 370 192 51.89% 14.80 7.68

Table 5.2: Audit sampling summary for the four existing mistake-aware datasets (25 videos
each).

(e.g., Human Plausibility), consistent with prior findings on human evaluation reliability [4,
59].

5.3 Audit of four mistake-aware datasets

We apply the rubric to four established datasets with annotated mistakes: EgoPER [61],
EgoOops [47], CaptainCook4D [96], and Assembly101 [111]. For each dataset, we ran-
domly sample 25 videos per dataset that contain at least one annotated mistake. To contextual-
ize the rubric scores, Table 5.2 reports the basic scale statistics of the audited subset (steps and
mistake density), while Table 5.3 summarizes the aggregated rubric results. Full per-metric
tables and additional breakdowns (including annotator-confirmed error subsets) are provided
in Appendix B.

Table 5.2 shows that the audited subsets differ in step density and mistake density, which
provides useful context for interpreting perceived realism and procedure-level coherence
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Dataset Err.Valid (Yes) Human Pl. Confus. Proc.Logic (Yes) Seq.Cons. State-Chg (Yes) Vid.Pl. T–V Gr.

EgoPER 51% 2.67 1.88 26% 4.41 14% 3.22 3.42
EgoOops 72% 3.73 1.63 28% 4.50 10% 4.31 3.74
Assembly101 65% 3.69 2.09 12% 4.82 4% 4.05 3.22
CaptainCook4D 74% 3.71 2.32 12% 4.73 2% 3.42 3.63

Table 5.3: Aggregated rubric statistics for existing datasets. “Proc.Logic (Yes)” denotes the
rate of procedures judged logically broken (lower is better). “T–VGr.” is Text–Video Ground-
ing Consistency.

scores. With this context in mind, we report rubric scores in Table 5.3.

Summary of observations. Table 5.3 provides a compact snapshot of how existing mistake-
aware datasets are perceived under our rubric.

These results should not be read as ranking. We use them to highlight dataset-specific
signatures that matter for PCMD: how often annotated deviations are perceived as genuine
mistakes (Error Validity), how human-like they appear (Human Plausibility), how noticeable
they are (Confusability), how naturally they appear in the video (Video Plausibility) and how
well textual protocols align with what is shown (Text–Video Grounding Consistency). These
dimensions help explain why some datasets, despite being suited for step-level deviation recog-
nition, offer only partial coverage for end-to-end mistake detection and correction.

EgoOops [47]. Across the evaluated sets, EgoOops is perceived as the most natural overall:
it scores strongly on Human Plausibility and Video Plausibility, suggesting that mistakes tend
to look less contrived and more behaviorally credible. At the same time, EgoOops is small in
scale (50 videos across 5 tasks) and its scenarios are deliberately specific, such as chemistry-
like setups and controlled assembly activities. The visual environment is also distinctive,
including instrumented objects, such as QR-marked parts, which can reduce similarity to ev-
eryday procedures. As a result, despite strong realism cues, the dataset offers limited coverage
for training and stress-testing PCMD in broad, real-world settings.

Assembly101 [111]. Assembly101 exhibits the lowest Text–Video Grounding Consistency
(3.22). This indicates that the textual description of the procedure often diverges from what
is actually executed in the video. This mismatch complicates learning and evaluation of
procedure-level reasoning for multimodal models, where they must track which steps have
truly occurred from step descriptions. Additionally, the task definition (assembling until com-
pletion) imposes structural constraints: some mistake types, such as genuine step omission,
are naturally absent because the procedure continues until the assembly goal is met. On the
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contrary, during assemblies multiple correct attachments and detachments may happen, which
artificially increases the number of inserted in the procedure sequence steps.

EgoPER [61]. EgoPER stands out by having comparatively low Error Validity: only 51%
of labelled deviations are judged by annotators as mistakes, while the remainder are perceived
as plausible deviations. This suggests that, for a substantial fraction of cases, the boundary
between “mistake” and “acceptable procedural variation” is ambiguous in practice. Such am-
biguity is not necessarily a flaw of the dataset, but it is a key consideration for PCMD,where su-
pervision signals should ideally distinguish recoverable deviations from true goal-threatening
errors.

CaptainCook4D [96]. CaptainCook4D shows patterns consistent with high mistake density
and weaker realism cues. Its Human Plausibility and Confusability profiles suggest that many
deviations are easily noticeable and may appear staged, and the resulting error frequency per
video is higher than what annotators typically expect for everyday cooking. This is consistent
with a benchmark focus on detecting various anomalous execution segments, but it can reduce
suitability as naturalistic training data for modeling realistic error rates and recovery dynamics.

Overall, these datasets were developed primarily to support visual anomaly detection at
the level of single segments, rather than to serve as large-scale, coherent training material for
procedure-level reasoning with temporal, causal, and recovery behavior. They also only par-
tially reflect cognitive regularities of human errors (phase effects, detectability and recovery,
realistic frequency of errors per procedure) emphasized in classical accounts for psychology
of errors [16, 88, 105].

5.4 PIE-V pipeline: plan-first error and correction simula-
tion

PIE-V is designed to close the above gaps by generating mistake-aware variants of clean pro-
cedural videos while preserving procedure coherence and incorporating plausible recovery.
Figure 5.2 gives an overview of the pipeline.

5.4.1 Source procedures

We sample 50 clean procedures from the Ego-Exo4D [44] keystep annotations, covering all
17 keystep task families, such as bike repair, COVID test, cooking and more. Each procedure
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Figure 5.2: PIE-V pipeline overview. Clean keystep procedures are enriched by (1) an er-
ror planner (psychology-informed, constrained by step semantics and procedure phase), (2) a
correction planner (recovery behavior), (3) an LLM writer (procedure rewriting with cascade
consistency edits), (4) an LLM judge (coherence validation and repair; optionallymultimodal),
and (5) a video synthesis stage that generates new clips and smooth transitions for video plau-
sibility.

has a unique step sequence. The sampled procedures range from short (minimum 3 steps) to
typical mid-length procedures with the average of 25.18 steps.

5.4.2 Error simulator
PIE-V first generates an error plan: a set of error events specifying the target step index, error
type, and (for execution edits) which semantic slot is perturbed. The simulator is grounded in
cognitive accounts of procedural failures: error likelihood depends on the phase of a proce-
dure and the load/complexity of steps, consistent with slip/lapse, memory overload theories,
and post-completion vulnerability [15, 16, 88, 105].

Psychology-grounded error-type intuition. PIE-V uses an edit-based taxonomy (substitu-
tion, wrong execution, deletion, insertion, transposition), but the choice of where and which
error to inject is further motivated by classical cognitive accounts as shown in Table 5.4. In
particular, different error types are associated with different failure modes and tend to vary
across procedure phases under changing cognitive load and fatigue:

Phase-conditioned priors and phase rates. Raw timestamp alone is too unstable because
videos of the same task differ in duration and pacing. We partition each procedure by ex-
ecution phase. PIE-V computes phases using a step-load signal combining (1) normalized
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Error type Key psychological interpretation and phase tendency
Substitution Confusion between similar steps, associative interference, or schema

competition; tends to be rarer in later phases once the execution pattern
stabilizes.

Wrong execution Execution slips and capture errors (local parameter mistakes), often due
to unfamiliarity and motor learning early on; can occur throughout and
may reappear toward the end under fatigue.

Deletion Lapses due to memory overload and post-completion vulnerability;
tends to increase over the procedure, often peaking toward the end as
attention drops.

Insertion Overgeneralization or associative activation (including unintended rep-
etition); generally rarer, but can increase in the middle when multiple
routines overlap and the performer is “in the flow”.

Transposition Sequencing/planning slips under high cognitive load; can occur under
time pressure or fatigue, often when step ordering constraints are weak
or when attention is divided.

Table 5.4: Qualitative cognitive motivations behind PIE-V error types and their phase tenden-
cies (used to inform phase-conditioned priors).

step duration and (2) a semantic-complexity proxy (depth and richness of the step’s semantic
structure represented in semantic roles). Formally, the load of step i is:

load(i) = wc · ̂complexity(i) + wt · ̂duration(i).

PIE-V uses two complementary phase-level components: (i) a phase error-rate model that
controlswhere errors are more likely to occur across the procedure, and (ii) phase-conditioned
type priors that control which error types are more likely within each phase. The error-type
order is

ERROR_TYPES_ORDER = [wrong_execution, deletion, substitution, insertion, transposition],

and the phase-conditioned prior weights are:

PHASE_ERROR_TYPE_PRIORS =


phase_1 : [3.5, 1.0, 2.5, 2.0, 1.0]

phase_2 : [2.0, 2.0, 1.5, 2.5, 2.0]

phase_3 : [3.5, 2.5, 1.0, 2.0, 1.0].

Separately, the phase error-rate model (relative phase rates) is:

PHASE_ERROR_RATE_MODEL = {phase_1 : 0.10, phase_2 : 0.19, phase_3 : 0.14},
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which is normalized tomultipliers withmean 1.0 so that the total number of errors remains gov-
erned by the procedure-level risk model, while redistributing error placement across phases.

Observed phase distribution in our split. Applying these settings to our 50-procedure
sample creates the following realized counts (total 102 errors):

Phase 1: {we : 10, i : 8, s : 10, d : 1}

Phase 2: {we : 11, i : 12, s : 11, d : 8, t : 6}

Phase 3: {we : 6, i : 8, s : 3, d : 5, t : 3}.

These statistics match the intended phase trends, such as “omissions increase toward Phase
3”, while still allowing variety and realism.

Semantic and ordering constraints. To avoid impossible or nonsensical perturbations, the
simulator enforces constraints derived from step semantics and chronological dependencies.
For example, transpositions that would violate basic object acquisition/use ordering are forbid-
den. More specifically, moving a “use tool” step before a “get tool” step for the same object
is prohibited.

5.4.3 Correction simulator

Errors in real procedures are often noticed and corrected. PIE-V therefore generates an explicit
correction plan conditioned on the error plan and procedure context. The correction simulator
uses plausibility constraints and detection priors influenced by error type and a severity/de-
tectability proxy aligned with Confusability. Thus, 27 correction events are generated on
top of the 102 errors in our 50-procedure set.

Correction types. PIE-V models recovery actions grounded in cognitive research [14, 112,
123], such as: redoing the erroneous step, stopping and fixing immediately, undoing a state
change and redoing, or rolling back and redoing when the error is discovered late. These
choices reflect classic views where easily detectable slips are corrected more often than subtle
or knowledge-based mistakes [105, 106].
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5.5 PIE-V plans: examples from JSON logs
Below we show the full plan produced by PIE-V (errors + corrections), followed by one
concrete rewritten procedure instance cmu_bike14_4 for the “Install a Wheel” task in Subsec-
tion 5.5.1.

Planned error–correction trace (PIE-V plan).

[Step 01 / 5] (phase_1) ERROR: ‘‘Position the wheel correctly into the fork’’

-> wrong_execution

[Corr 01 after Step 01] (phase_1) CORRECTION for E01 wrong_execution: stop_and_fix

-> redo Step 01

[Step 02 / 5] (phase_2) OK: ‘‘Tighten the both axle nuts with hand’’

[Step 03 / 5] (phase_2) OK: ‘‘Get a wrench from the tool stand’’

[Step 04 / 5] (phase_2) ERROR: ‘‘Tighten the both axle nuts with a wrench’’

-> insertion

[Step 05 / 5] (phase_3) OK: ‘‘Put the wrench back in the tool stand’’

5.5.1 LLM writer: coherent procedure rewriting
Given the original procedure, the error–correction plan, and step semantic representa-
tions, PIE-V rewrites the procedure into a new textual trace that contains the planned devi-
ations and recovery steps. Crucially, the writer performs cascade adjustments to preserve
coherence: if an object is changed in an early step, later steps mentioning that object are
rewritten accordingly (e.g., ingredient substitution propagates). This addresses a common
LLM failure mode where local edits break global consistency.

We test two writers: Qwen2.5-32B-Instruct (open) and GPT-5.2 (closed). Prompts and
model identifiers are provided in Appendix B.

Example output (same plan, different writers). For the bike example above, GPT-5.2 pro-
duces:

Position the wheel slightly crooked into the fork.

Loosen the axle nuts, straighten the wheel in the fork,

and position the wheel correctly into the fork.

Tighten the both axle nuts with hand.

Get a wrench from the tool stand.

Set the wrench on the wrong axle nut size and it slips off.
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Tighten the both axle nuts with a wrench.

Put the wrench back in the tool stand.

Qwen2.5 produces a different but related variant:

Position the wheel incorrectly into the fork.

Stop, fix the incorrect positioning, and position

the wheel correctly into the fork.

Tighten the both axle nuts with hand.

Get a wrench from the tool stand.

Tighten the both axle nuts with a wrench.

Spill some oil on the wrench while tightening the both axle nuts with a wrench.

Wipe the oil off the wrench before putting it back in the tool stand.

Put the wrench back in the tool stand.

5.5.2 LLM judge: validation, repair, and optional multimodality

The LLM judge checks the generated procedure for coherence, plausibility, and plan compli-
ance. It revises incoherent outputs and rejects impossible mistakes. When repeated attempts
fail internal validation, PIE-V optionally conditions the judge on a mid-step frame to ensure
that the intended textual change remains compatible with the visual content. In our experi-
ments, the judged setting uses: GPT-5.2 for closed-source multimodal judging and Qwen3-
VL-32B-Instruct for open multimodal judging.

Empirically, judge intervention was needed only for a small number of GPT-5.2 cases (6
procedures) and more for Qwen2.5 (17 procedures), suggesting that GPT-5.2 often produces
plausible procedures on the first attempt. However, judging does not resolve all writer imper-
fections, so results are not yet perfect.

5.6 Video synthesis and smooth transitions

PIE-V as a textual & logical backbone. While PIE-V supports optional video editing and
synthesis, its primary contribution is a textual and logical backbone for mistake-aware pro-
cedural data: plan-first error placement, recovery modeling, and globally coherent procedure
rewriting. Video generation is therefore treated as an optional rendering layer that can vi-
sualize the planned edits, but its fidelity is ultimately bounded by the chosen video model,
reference conditioning, and stitching artifacts. Accordingly, in this thesis we emphasize the
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Figure 5.3: Coffee example (Making Coffee latte, sfu_cooking_008_5): (A) Original step: the
person takes the coffee jar, pours coffee into the cup, and puts the jar back; (B) Generated
wrong execution step: the person takes the coffee jar, pours too much coffee into the cup and
spills while pouring, puts the jar back; and (C) Generated correction: the person wipes out
the small pool on the countertop with a paper towel, pours more coffee in the cup and puts the
jar back.

controllable plan and the resulting procedure-level coherence, and use video examples mainly
as qualitative illustrations of how the planned error–correction traces can be realized visually.

In our implementation, PIE-V goes beyond text by synthesizing new video clips for modi-
fied/inserted/correction steps and by smoothing transitions to maintain high Video Plausibil-
ity. We use a video model Kling-O [121] to generate short clips conditioned on physically
grounded prompts, reference frames, and optional feature references. For smoothness,
we enforce that the state at the end of clip A matches the state at the start of clip B, and we
stitch clips with crossfades of tuned duration. Concretely (see scripts in Appendix B), we set
the first frame of B to be the last frame of A, and we use slightly longer crossfade for the
critical error→correction boundary. This makes the A→B continuity highly reliable under
consistent prompts and reference frames.

For the procedure sfu_cooking_008_5 (Making Coffee latte), PIE-V planned a wrong exe-
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cution mistake at the final pour step and a rollback-and-redo correction. The generated steps
include a visible spill and a subsequent cleanup+redo:

...

Pour coffee into milk in the cup but spill some onto the kitchen countertop

instead of getting it all into the cup.

Wipe up the spilled coffee from the countertop

and then pour coffee into milk in the cup.

The generated video clips along with the correct step are shown in Figure 5.3.

5.7 Baselines: freeform LLM “make it wrong” generation
A natural question is whether such a structured pipeline is necessary: perhaps an LLM can
generate plausible mistakes implicitly from its training data. We therefore test a freeform
setting where the LLM receives a clean procedure and is asked to introduce 1–3 plausible
mistakes without any explicit plan.

This task is unexpectedly difficult for LLMs, because instruction-following models are
inherently optimized to avoid errors. In practice, models often “play safe” by deleting a final
step (creating the appearance of post-completion errors), but struggle with consistent multi-
step object tracking and long-horizon coherence, especially for very long procedures. In our
50-procedure sample, a randomly included very long cooking procedure (130 steps) proved
too challenging for both models to generate a coherent mistaken variant in any setting.

5.8 Comparison: existing datasets vs freeform LLM vs PIE-
V+LLM

Table 5.5 compares aggregate rubric statistics for the freeform LLM generation and PIE-
V+LLM (judged) generation. Video-related metrics are not reported in the summary tables
for text-only generations, as videos were generated only for the best setting, Ego-Exo4D-GPT-
5.2-PJ.

Key comparison outcomes. Table 5.5 highlights a consistent pattern across settings. First,
moving from freeform generation to a plan-conditioned and judged pipeline improves both
perceived realism and procedural reliability. Compared to freeform GPT-5.2, the PIE-V+GPT-
5.2 judged setting increases the fraction of agreed mistakes (Error Validity: 89% vs. 83%) and
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Dataset Err.Valid (Yes) Human Pl. Confus. Proc.Logic (Yes) Seq.Cons. State-Chg (Yes)

Ego-Exo4D-Qwen (freeform) 57% 3.22 2.02 36% 4.20 27%
Ego-Exo4D-GPT-5.2 (freeform) 83% 3.69 2.02 25% 4.81 7%
Ego-Exo4D-Qwen-PJ (PIE-V+Qwen2.5, Qwen3-VL-judged) 71% 3.17 1.41 30% 4.48 10%
Ego-Exo4D-GPT-5.2-PJ (PIE-V+GPT-5.2, judged) 89% 3.83 1.82 6% 4.91 3%

Table 5.5: Aggregate rubric statistics for synthetic generations. “PJ” denotes PIE-V + Judge.
Lower “Proc.Logic (Yes)” is better.

Dataset Human Pl. Confus. Proc.Logic Seq.Cons. State-Chg Vid.Pl. T–V Gr.

EgoPER 2.24 1.66 Yes (40%), No (60%) 2.68 Yes (21%), No (79%) 2.92 3.42
EgoOops 3.20 1.64 Yes (33%), No (67%) 2.67 Yes (11%), No (89%) 4.29 3.74
Assembly101 3.78 2.24 Yes (16%), No (84%) 2.81 Yes (5%), No (95%) 4.11 3.22
CaptainCook4D 3.63 2.28 Yes (14%), No (86%) 2.74 Yes (8%), No (92%) 3.84 3.63
Ego-Exo4D-Qwen (freeform) 2.96 1.81 Yes (40%), No (60%) 2.59 Yes (30%), No (70%) – –
Ego-Exo4D-GPT-5.2 (freeform) 3.14 2.23 Yes (23%), No (77%) 2.74 Yes (14%), No (86%) – –
Ego-Exo4D-Qwen-PJ (PIE-V+Qwen2.5, Qwen3-VL-judged) 3.17 1.39 Yes (30%), No (70%) 4.48 Yes (11%), No (89%) – –
Ego-Exo4D-GPT-5.2-PJ (PIE-V+GPT, judged) 3.78 1.79 Yes (7%), No (93%) 4.91 Yes (2%), No (98%) 3.93 4.76

Table 5.6: YES-only statistics: computed only over deviations for which a majority of anno-
tators agreed that the deviation is a mistake (Error Validity = Yes).

slightly improves Human Plausibility (3.83 vs. 3.69), while also lowering Confusability (1.82
vs. 2.02), indicating that mistakes become less borderline and easier for annotators to identify
as genuine mistakes.

This trend is further reflected in inter-annotator agreement. In Table 5.7, Krippendorff’s α
for Error Validity is substantially higher for PIE-V+GPT-5.2-PJ (α = 0.913) than for freeform
GPT-5.2 (α = 0.701). Intuitively, the plan-first generation and subsequent judging reduce
ambiguous “could be a deviation” cases by enforcing a clearer error specification and recovery
behavior.

In contrast, Qwen in the PIE-V setting frequently violates the intended error schema in
practice: it may change the error type (e.g., implicitly swapping steps instead of performing
the prescribed insertion), underperform cascade consistency edits, and omit prescribed correc-
tions. Because this plan non-compliance undermines the validity of the PIE-V setting itself,
we treat PIE-V+Qwen-PJ as a non-validated configuration (due to plan non-compliance) and
do not treat it as a final product-quality setting, even though we report its rubric statistics for
completeness.

To separate overall generation quality from disagreement about whether a deviation counts
as a genuine mistake at all, Table 5.6 reports the rubric statistics after restricting the analysis
to cases where a majority of annotators marked Error Validity = Yes.

The YES-only view separates borderline or disputed deviations from cases that annotators
actually agree are mistakes. In practice, this makes it easier to compare realism and coherence
conditional on the sample being accepted as a genuine procedural error.

Finally, we report Krippendorff’s alpha across all metrics and settings (Table 5.7), which
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Dataset Err.Valid α Human Pl. α Confus. α Proc.Logic α Seq.Cons. α Taxonomy Fit α

EgoPER 0.912 0.541 0.368 0.728 0.628 0.759
EgoOops 0.916 0.592 0.375 0.836 0.667 0.882
CaptainCook4D 0.694 0.758 0.847 0.621 0.542 0.791
Assembly101 0.859 0.584 0.697 0.739 0.649 0.931
Ego-Exo4D-Qwen (freeform) 0.568 0.539 0.417 0.579 0.543 0.820
Ego-Exo4D-GPT-5.2 (freeform) 0.701 0.424 0.341 0.593 0.652 0.752
Ego-Exo4D-Qwen-PJ (PIE-V+Qwen2.5, Qwen3-VL-judged) 0.958 0.483 0.358 0.631 0.706 0.905
Ego-Exo4D-GPT-5.2-PJ (PIE-V+GPT, judged) 0.913 0.489 0.387 0.672 0.619 0.803

Table 5.7: Krippendorff’s α agreement summary for core rubric dimensions. The full set of
metrics (including video-related columns) is reported in Appendix B.

provides a complementary view of how subjective or controversial each metric is under dif-
ferent data-generation regimes.

5.9 Discussion and limitations

Why plan-first helps. Cognitive accounts predict structured phase effects (e.g., post-
completion omissions) and correlations between detectability and recovery. A freeform LLM
has difficulty explicitly controlling these properties, especially in long procedures and when
global object/state consistency must be maintained. PIE-V makes these constraints explicit
and thus supports controllable generation and better auditability.

Limitations. PIE-V is not yet a fully automated “push-button” dataset builder. The pipeline
depends on the availability and quality of step annotations and on the reliability of LLM rewrit-
ing and judging. Video synthesis quality varies with reference conditioning and prompt sen-
sitivity, and the judged stage does not guarantee perfect plan compliance.

Why PIE-V is not yet a direct PCMD benchmark for HMM-based modeling. PIE-V is
designed primarily as a pipeline for generating realistic mistake-aware procedural traces. The
50 source procedures in this thesis are intentionally diverse and mostly unique at the level of
full step sequence, because the goal is to validate controllable mistake injection across hetero-
geneous procedures. For a statistical sequence model such as an HMM, one correct exemplar
per canonical procedure would mainly test memorization of that exemplar. A benchmark for
ChronoFix-style modeling introduced in the following chapter would instead require multiple
correct executions per canonical task together with mistake-enriched variants derived from
them.
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Summary. This chapter introduced PIE-V, a semi-synthetic framework for mistake-aware
procedural data. PIE-V combines: (1) a rubric for evaluating realism, coherence, and (when
available) text–video grounding; and (2) a plan-first pipeline that injects controlled, semantics-
aware errors and plausible corrections into clean procedures. The following chapter reuses the
same instruction-grounded, edit-based view of procedural deviation at the modeling level.
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Chapter 6

ChronoFix: Language-Grounded
Post-Completion Mistake Detection in
Procedural Videos

We study post-completion mistake detection in procedural videos: given a fully observed
procedural execution and a reference procedure, the system must recover the executed step
sequence and detect deviations from a valid reference trace. This chapter unifies two com-
plementary lines of work. The first introduced the HMM-based CHRONOFIX backbone and
validated it on CaptainCook4D and Assembly101 as a structure-first alternative to vision-only
error detection. The second extended the language interface of the model, comparing raw step
descriptions, semantic role representations, and action–object abstractions under a common
protocol on CaptainCook4D, EgoPER, and EgoOops. Taken together, these studies support
the same claim: PCMD is best solved in language space, where mistakes appear as deviations
in step content and order and can be verified by an explicit sequence model.

To this end, we present CHRONOFIX, a language-grounded framework that maps seg-
mented video clips to step descriptions, optionally normalizes them into structured seman-
tic representations, and detects mistakes with a lightweight Hidden Markov Model over step
sequences. The contribution is not HMMs in isolation, but a decomposition: perception pro-
duces grounded step evidence, while verification is performed by an explicit procedure model
that is interpretable, data-efficient, and portable across benchmarks.

Provenance. This chapter draws on two manuscripts: Post-Completion Mistake Detection
in Task Structures of Procedural Video, which introduced the HMM-based PCMD formu-
lation and the CaptainCook4D/Assembly101 experiments, and Mistake Detection in Proce-
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dural Videos via Language-Grounded Step Reasoning, currently under review for COLM
2026, which extended the framework with language-grounded step representations and cross-
benchmark evaluation on CaptainCook4D, EgoPER, and EgoOops.

Conceptually, this chapter complements Chapter 5. There, the thesis addressed the data
bottleneck by constructing more realistic mistake-aware traces; here, it addresses the inference
bottleneck by verifying grounded step sequences with an explicit procedure model.

6.1 Why decomposing perception and procedure helps

Procedural videos are an attractive target for automated quality control: the underlying activity
is structured, outcomes can be safety-critical, and mistakes are often detectable because they
violate an expected temporal program. Yet most modern approaches attempt to solve the full
problem end-to-end in vision space [34, 49, 56, 79, 151], training large models to directly
classify mistakes from visual cues. This is compelling research, but it is also expensive, data-
hungry, and often difficult to interpret.

Our position is that procedural video is fundamentally a task-structure problem. Vi-
sion matters, but mostly as a front-end that produces an execution trace. Once we have a rea-
sonable textual trace (steps, actions, objects), the remaining problem, i.e. tracking progress in
a canonical procedure and detecting deviations, is well matched to lightweight probabilistic
models. This decomposition is attractive for three reasons:

• Efficiency and portability. We can reuse strong pretrained VLMs (e.g., Gemini-class
systems) to convert video to a step-like textual trace, and then run a small, transparent
probabilistic model such as CHRONOFIX for structure inference. This avoids training a
large vision model for every new domain.

• Interpretability. A probabilistic state over canonical steps and explicit edit-style devi-
ations provide human-readable diagnostics: where the agent is in the recipe, what went
wrong, and how recovery happened.

• Modularity. Better perception immediately improves the system without changing the
task model, while better task structure (scripts, priors, constraints) improves robustness
even when perception is noisy.
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6.2 Problem Setup: Post-Completion Mistake Detection un-
der a Unified Edit-Based Taxonomy

We assume a task has a canonical procedure represented as an ordered list of steps S =

(s1, . . . , sN), where each step is a short textual description (e.g., “crack eggs”). At test time
we observe an execution trace o1:T = (o1, . . . , oT ), where each observation corresponds to
a time segment and is represented textually. This trace may come directly from text instruc-
tions (robot logs, annotations) or from a VLM that summarizes video segments into step-like
descriptions.

What makes PCMD different from “anomaly detection”. Unlike generic anomaly detec-
tion, PCMD requires the model to maintain a coherent belief about where the agent is in a
canonical procedure and how to return to that procedure after a deviation. Concretely, PCMD
decomposes into three coupled subproblems: (i) progress tracking (which canonical step is
being executed), (ii) deviation detection (omissions, insertions, substitutions, transpositions),
and (iii) recovery recognition (returning to the intended trajectory after a deviation).

Error patterns in real datasets. Figure 6.1 illustrates representative deviations from Cap-
tainCook4D and Assembly101. We highlight two common families. Sequence errors alter
the global temporal program (e.g., out-of-order steps or extra steps). Step execution errors
are local failures within an otherwise correct step (e.g., an incorrect technique or wrong part
orientation). When available, we report step-level execution-error labels separately from struc-
tural sequence edits (see Section 6.7).

Edit-based formulation. Throughout this chapter, we interpret structural mistakes as an
edit script that transforms the inferred step sequence into a valid reference procedure: inser-
tions, deletions, substitutions, and transpositions. This view lets us map dataset-specific
labels into a shared structural space and evaluate deviation detection under a common proto-
col described in Section 6.7. Recovery remains conceptually important, but in this chapter it
is analyzed qualitatively rather than scored as a primary metric.

Unified label space. In the unified evaluation, labels from CaptainCook4D, EgoPER, and
EgoOops are mapped into the four structural categories above. Assembly101 is kept outside
this shared leaderboard and is discussed separately as an auxiliary transfer setting. When a
benchmark also provides finer execution-error tags, we use them only in benchmark-specific
discussion and do not merge them into the four-way leaderboard.
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Figure 6.1: Correct vs. erroneous procedural executions in CaptainCook4D (left) and Assem-
bly101 (right). Nodes are canonical STEP_IDs. “Incorrect” graphs visualize deviations from
the reference. Red marks sequence errors (order/extra steps); colored nodes mark step execu-
tion errors (local failures within a step). Short step descriptions are shown for interpretability.

6.3 CHRONOFIX
CHRONOFIX proposes a multi-stage PCMD pipeline, summarized in Figure 6.2. First, we train
Gaussian HMMs on step embeddings aggregated from correct executions. At inference, these
HMMs decode the optimal step sequence for a test video, which is then aligned against a
reference procedure to identify structural errors via edit operations.

6.4 CHRONOFIX Backbone: HMM for Canonical Progress

6.4.1 HMM Training
For every video we first get the step ID, timestamps, and textual description. Then we com-
pute embeddings at the step level with a visual, textual or multimodal encoder. We denote the
sequence of embeddings as x1:T = (x1, . . . , xT ), xt ∈ RD0 . We apply PCA for dimension-
ality reduction to avoid overfitting and get the regularized embedding zt = PCA(xt).

To improve robustness, we add Gaussian jitter to a random subset of embeddings:

zt ← zt +N (0, σ2I). (6.1)

Wemodel each task with the HMMS = {1, . . . , K}, whereS is the set of discrete step IDs
as states corresponding to the step embeddings z1:T as observations. The HMM parameters
are

θtask =
(
π, A, {(µs,Σs)}s∈S

)
, (6.2)
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Figure 6.2: PCMD pipeline. For each step of each training video, we obtain a textual, visual,
or multimodal encoding and average it across all embeddings of all steps with the same ID,
x̃i (1). After PCA regularization, we obtain the representation of each step, zi (2). During
training, the model θtask learns sequences of zi for each task. Additionally, when we put all
tasks together, we obtain a global HMM θ-1 (3). At inference time, we obtain embeddings
for each video segment in the same way as during training and compute the emissions E[t, s]
(4). We then run Viterbi for sequence inference and keep the emission and transition scores
for each step (5). For each task, we also have a set of possible non-erroneous sequences (6).
We align the predicted sequence to the reference sequence using the minimal edit distance (7).
Mismatches in the alignment indicate possible structural errors. Falling below the predefined
thresholds for emission and transition scores indicates possible substitutions within a step (8).
During evaluation, we compare the predicted errors with the ground-truth error annotations
of the dataset (9).

where
π ∈ RK is the initial state distribution over S (πs = P (S1 = s)),
A ∈ RK×K is the transition matrix with entries Aij = P (St = j | St−1 = i),
(µs,Σs) are the mean and covariance of the Gaussian emission for state s ∈ S.
The state mean is estimated as

µs =
1

ns

ns∑
i=1

z(i), (6.3)

where ns is the number of training embeddings assigned to step s, and z(i) ∈ RD is the i-th
representation vector for that step after preprocessing.

For each state, the Gaussian emission model is estimated from the representation vectors
assigned to that state. To stabilize estimation under limited data, we apply Ledoit–Wolf shrink-
age and retain the resulting diagonal covariance at inference time:

Σs = diag
(
σ2
s,1, . . . , σ

2
s,D

)
. (6.4)
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This keeps the emissions numerically robust without introducing unreliable cross-feature cor-
relations.

For the transition model we count how often each transition s→ s′ is observed and apply
Laplace smoothing β:

Ass′ =
css′ + β∑
k(csk + β)

. (6.5)

The smoothing ensures that every possible transition has a nonzero probability which is
needed for rare transitions and unseen (erroneous) steps at test time.

We then enforce a near-diagonal structure reflecting the mostly sequential nature of the
procedures: transitions that jump too far in step index are suppressed and the rows are renor-
malized.

For the initial distribution, we count how many correct videos start from each step s and
apply the same smoothing.

In addition to per-task HMMs we train a global model θ−1 by pooling data across all tasks.
This model is used as a fallback when a task has too few examples.

During training we also record calibration statistics (mean and quantiles) of emission
scores and transition log-probabilities on correct videos. ForGaussian emissions, the emission
score is the log-likelihood in Equation (6.6); for cosine emissions, it is the temperature-scaled
cosine score in Equation (6.8).

log p(zt | St = s) = −1

2

[
(zt − µs)

⊤Σ−1
s (zt − µs)

+ log|Σs|+D log(2π)
]
.

(6.6)

Here the term (zt − µs)
⊤Σ−1

s (zt − µs) is the squared Mahalanobis distance between zt

and the state mean. The term log|Σs| penalizes volume (uncertainty) of the Gaussian, and
D log(2π) is a normalization constant ensuring that p(· | St = s) integrates to 1.

These statistics later inform thresholds for low-probability events.

6.4.2 HMM Inference

At test time, given a new video, we process every executed step exactly as in training: we
extract a step-level feature xt, apply the same normalization and PCA projection to obtain zt,
and select the HMM for the corresponding task (or the global fallback).
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For Gaussian emissions we compute

Et,k = logN (zt;µk,Σk). (6.7)

For cosine emissions we compute

Et,k = T · cos(zt, µk), (6.8)

with temperature T > 0. This matches the geometry of normalized CLIP-like features and
can be seen as a logit for a softmax over states. We L2-normalize vectors before cosine to
ensure a bounded, temperature-scaled score.

We also support a global emission scaling factor α:

Ẽt,k = α · Et,k, (6.9)

which adjusts the relative weight between emission and transition terms in the Viterbi objec-
tive.

We then use the Viterbi1 algorithm to decode the most likely step sequence:

Ŝ1:T = argmax
S1:T

logP (S1:T | z1:T ) (6.10)

In our setting, the Viterbi score of a candidate path S1:T is

logP (S1:T , z1:T ) = log πS1 +
T∑
t=2

logASt−1,St

+
T∑
t=1

log p(zt | St).

(6.11)

i.e., a sum of start, transition, and emission log-probabilities.

After predicting the sequence we record, for each time step t, the emission score and
transition log-probability along the Viterbi path:

eemt = Ẽt,Ŝt
, etrt = logAŜt−1,Ŝt

, (6.12)

and refer to (eemt , etrt ) as the HMM path scores at step t.

1Viterbi is a dynamic-programming algorithm for HMMs that computes the maximum a posteriori (MAP)
sequence of hidden states and guarantees to find the optimal one.
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6.5 From Decoded Step Paths to Mistake Events
The HMM backbone gives a decoded step path Ŝ1:T and path-wise scores. We convert this
output into discrete mistake events by aligning the decoded path to the closest valid reference
sequence and by using low emission or transition scores as generic anomaly signals when a
deviation cannot be cleanly assigned to an edit type.

Each procedure, regardless of its specific execution in the dataset, has one or more valid
correct step sequences. This is an abstract representation of the different ways to successfully
complete the task. The pool of such reference sequences is formed either from the corre-
sponding written instructions provided by annotation guidelines, from error-free videos, or
by reconstructing them from videos with mistakes, removing the erroneous steps. Let a refer-
ence sequence of a given procedure be c1:K = (c1, . . . , cK), where each ck is a step ID.

Next we compare the sequence predicted by the algorithm Ŝ1:T with one of the reference
sequences, namely, the closest reference variant by edit distance2. We align the predicted
sequence to the chosen reference sequence using global sequence alignment (Needleman–
Wunsch or difflib3).

6.5.1 Edit operations on step sequences
The alignment of the inferred step sequence Ŝ1:T to the selected reference sequence c1:K re-
veals structural error types:

• Deletion: a canonical step is missing in the inferred trace.

• Insertion: an inferred step does not correspond to any canonical step at that position.

• Substitution: a step is present but mismatched.

• Transposition: in canonical and predicted sequences steps occur in a different order
(technically, it is both Insertion and Deletion of the same step in different positions).

In addition to edit-distance-inferred errors, we use the HMM path scores from Equa-
tion (6.12). Their negated versions semt = −eemt and strt = −etrt serve as auxiliary anomaly

2For better alignment, in assembly scenarios we first collapse duplicates keeping the last occurrence of each
step ID due to the multiple extra attaching/detaching cycles.

3Needleman–Wunsch is a classical dynamic-programming algorithm for global sequence alignment. It opti-
mizes a well-defined objective and is preferable when we need a full control over substitution and gap penalties.
Python’s difflib.SequenceMatcher is a heuristic matcher that focuses on maximizing the length of matching
blocks. It is often more forgiving and may produce alignments that match human intuition when sequences
share long common subsequences but differ locally. It is fast and works well as a robust default when we do not
want to carefully tune alignment costs. In practice, we use difflib as the default alignment mode.
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scores at step t. Given thresholds τem and τtr derived from correct validation videos, we flag
a low-emission event if semt > τem and a low-transition event if strt > τtr. These are auxiliary
diagnostic flags, not extra classes in the unified four-way evaluation.

We also compute an auxiliary within-state atypicality signal based on cosine similarity
between a step embedding and the mean embedding of its assigned HMM state. Low cosine
indicates that the content of the step is atypical evenwhen the decoded discrete step ID remains
unchanged. We use this as a diagnostic signal only.

6.5.2 Return to a valid trajectory

When a dataset explicitly contains corrective or recovery-like steps, we analyze whether the
decoded path returns to a high-probability region consistent with the reference order after a
flagged deviation. In the present chapter, however, recovery is treated as a secondary qualita-
tive signal.

6.6 Language grounding and step representations
We use language as the interface between video and procedural reasoning. We report runs on
the benchmark step descriptions as an upper bound. These text-only runs do not use video. In
the practical setting, a VLM maps each pre-segmented clip to text from the task vocabulary,
and the HMM operates on embeddings of that grounded text.

Raw step descriptions. We start from the canonical step descriptions provided by each
benchmark. For erroneous steps, we use the benchmark-specific observed or modified step
descriptions when they are available. When a benchmark provides only a short error cue in-
stead of a full observed step, we convert it into a complete modified description by combining
the canonical step text with the error cue. We also apply minimal text cleanup to remove
benchmark-specific artifacts that do not carry procedural meaning. Broader dataset context is
summarized in Appendix B, Section B.1.

The resulting representation keeps the lexical detail of the original annotation, including
quantities, destinations, surfaces, and local modifiers. That detail matters because many pro-
cedural mistakes differ from the canonical step in terms of the arguments, not only in terms
of the main verb.

Semantic role representations. We normalize each step description into a predicate–
argument form that makes the action, participants, and key attributes explicit. We use
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a representation of the form PREDICATE(Role: value, Role: value, …). For example,
PEEL(Agent: you, Object: onion(Size: medium, Quantity: 1)). The normalization re-
duces lexical variation and keeps critical task distinctions like object identity, quantity, and
destination. These distinctions are especially important in our setting because many errors
are expressed in step arguments and not in the main predicate. Appendix C, Section C.1 gives
additional SRL details.

SRLs remove lexical variation and dataset artifacts but keep the event structure that deter-
mines procedural correctness. This is useful for CaptainCook4D, where near-duplicate steps
may appear with different surface forms or different IDs, and for EgoOops, where long step
descriptions are paired with short error cues. We generate SRL representations offline under
a constrained prompt and a strict JSON schema, then review the outputs.

Action–object representations. We also derive an action–object abstraction that keeps only
the main predicate and the salient objects involved in the action. It removes quantities, desti-
nations, surfaces, manner, and other role fillers. We use this only as an ablation. It tests how
much procedural detail can be removed before mistake detection drops.

Video-to-text grounding with VLMs. In the practical setting, the VLM receives a seg-
mented clip and the candidate step descriptions for the corresponding task. The model selects
the best matching description from this closed vocabulary and returns a structured output with
at least predicted_description, action_name, and objects. We use predicted_description

as the main grounded representation. The auxiliary fields are used only for the action–object
ablation. If a grounded description is not covered by the cached step vocabulary, we normalize
it offline into an SRL representation before evaluation.

6.6.1 Auxiliary action–object superstructure experiments

The action–object abstraction was first developed in the earlier CaptainCook4D/Assembly101
study as a lightweight way to move video closer to text when full step grounding was unre-
liable. We retain it here as an auxiliary representation and as a bridge to the Assembly101
experiments reported later in the chapter. Figure 6.3 illustrates the corresponding pipeline,
and Appendix C reports the prompting details and auxiliary perception results for Captain-
Cook4D and Assembly101.
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Figure 6.3: Action–object superstructure for CaptainCook4D and Assembly101. Video seg-
ments are converted into a textual trace and can be compressed into action–object descriptors
before embedding and HMM inference. The experiments show that this interface can serve
as a bridge from video to text, but the compressed representation is too lossy for full PCMD
and works best as an auxiliary component.

6.7 Experimental Setup and Evaluation Protocol

Benchmarks and protocol. We evaluate CHRONOFIX under two complementary settings.
The main unified-task evaluation uses CaptainCook4D [96], EgoPER [61], and EgoOops [47].
We recast all three datasets under one post-completion protocol: the input is a fully observed,
step-segmented procedural video, and the model must recover the executed step sequence
and detect deviations from a valid reference procedure. We follow the text augmentation and
cleanup protocol from Section 6.6.

Assembly101 is retained as an auxiliary benchmark from the earlier PCMD study. It is
useful for testing the limits of grounding and action–object superstructures in a visually dif-
ficult assembly domain, but it is reported separately from the main three-dataset leaderboard
because its label space and protocol differ more substantially from the unified setting.
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Models and representations. For visual step embeddings, we use frozen VideoMAE-
v2 [128] and V-JEPA 2 [5] backbones. For text, we sweep frozen CLIP [102], all-
MiniLM [130], all-MPNet [113], SimCSE [39], Instructor-XL [115], and OpenAI text-
embedding-3-large. For video-to-text grounding, we compare Gemini and Qwen. On
the language side, we evaluate raw step descriptions, semantic role representations, and
action–object abstractions.

Metrics. We report four main metrics for the unified post-completion task. Any-F1 is our
primary metric and evaluates step-level mistake detection after collapsing all mistake types
into a single positive class. Type-aware F1 evaluates whether the model assigns the correct
edit-based error type in the unified taxonomy. Seq measures recovery of the executed step
sequence. Step-AUC measures threshold-free discrimination between correct and erroneous
steps.

For comparison with prior work, we also report benchmark-specific metrics under the orig-
inal evaluation protocols. On EgoPER, we report EDA/AUC following EgoPED andAMNAR.
On CaptainCook4D, we report Precision/EDA/AUC. These benchmark-specific numbers are
used only in the prior-work comparison and do not replace the unified-task metrics.

Selection rule. Each table reports one complete configuration per entry. For the unified-task
tables, we report the configurationwith the highest Any-F1 and all remainingmetrics from that
same run. For the prior-work comparison, we analogously report the configuration attaining
the highest benchmark-facing metric within the explored sweep. Ground-truth dataset labels
are mapped into the unified taxonomy of insertion, deletion, substitution, and transposition.
When a benchmark contains additional execution-error tags, these are discussed separately
and are not merged into the main leaderboard.

6.8 Results

6.8.1 Main unified-task results

Table 6.1 summarizes attainable performance by representation family. The raw-description
rows use the benchmark-provided step descriptions to define a text-side upper bound. Vision-
only runs are weakest in Seq on all three datasets. Grounded text closes a large part of that gap.
Gemini + SRL gives the best Any-F1 on EgoOops, ties for the best Any-F1 on CaptainCook4D,
and stays close on EgoPER. Among the grounded variants, rawGemini text is best on EgoPER,
because this benchmark has short atomic step descriptions, low lexical variability, and a more
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EgoOops EgoPER CC4D
Family Seq Any-F1 Type-F1 AUC Seq Any-F1 Type-F1 AUC Seq Any-F1 Type-F1 AUC
Raw text 0.713 0.480 0.446 0.756 0.903 0.741 0.673 0.918 0.617 0.631 0.466 0.761
Vision 0.328 0.454 0.439 0.523 0.372 0.519 0.527 0.580 0.159 0.556 0.464 0.478
SRL 0.742 0.510 0.533 0.775 0.913 0.736 0.675 0.908 0.638 0.629 0.495 0.757
Qwen 0.493 0.441 0.451 0.564 0.802 0.607 0.599 0.736 0.517 0.603 0.498 0.640
Qwen+SRL 0.821 0.520 0.549 0.791 0.816 0.601 0.594 0.750 0.636 0.637 0.503 0.753
Gemini 0.557 0.408 0.361 0.610 0.845 0.642 0.589 0.748 0.577 0.603 0.516 0.656
Gemini+SRL 0.815 0.521 0.539 0.767 0.854 0.631 0.595 0.762 0.635 0.637 0.505 0.755

Table 6.1: Family-level leaderboard summarizing attainable performance. Each row reports
the best configuration within that family, selected by Any-F1. The corresponding encoder
and HMM settings differ across rows. Seq denotes sequence accuracy, and CC4D denotes
CaptainCook4D. Section C.3.1 lists the corresponding configurations.

Benchmark step descriptions Qwen grounding Gemini grounding
Dataset Raw SRL Act.+Obj. Raw SRL Act.+Obj. Raw SRL Act.+Obj.
EgoOops 0.450 0.417 0.318 0.419 0.509 0.444 0.389 0.517 0.414
EgoPER 0.712 0.661 0.540 0.578 0.601 0.550 0.602 0.631 0.552
CaptainCook4D 0.605 0.582 0.571 0.587 0.637 0.566 0.595 0.637 0.570

Table 6.2: Controlled comparison of Any-F1 across step representations. For each dataset and
source block, we report one matched configuration and compare Raw, SRL, and Act.+Obj.
under that setting. Section C.3.2 lists the corresponding configurations.

consistent visual environment than the other two datasets. This pattern is consistent with the
fact that EgoOops and CaptainCook4D contain more complex, argument-level error signals.

6.8.2 Representations: raw text, SRL, and action–object

Table 6.2 shows the controlled representation comparison. On benchmark-provided text, Raw
is strongest on all three datasets, SRL stays close, and Act.+Obj. is consistently weaker.
On grounded text, SRL is strongest for both Qwen and Gemini on all three datasets, while
Act.+Obj. remains below SRL throughout. This supports SRL mainly as a normalization
layer for noisy VLM grounding. When benchmark text is already clean, raw descriptions
remain strongest.
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Best grounded Shared config
Dataset Seq Any-F1 Type-F1 AUC Seq Any-F1 Type-F1 AUC
EgoOops 0.815 0.521 0.539 0.767 0.727 0.449 0.424 0.775
EgoPER 0.845 0.642 0.589 0.748 0.714 0.575 0.549 0.703
CaptainCook4D 0.635 0.637 0.505 0.755 0.683 0.629 0.483 0.773

Table 6.3: Best grounded pipeline on each dataset versus one shared grounded configuration.
“Best grounded” denotes the highest-scoring grounded configuration for that dataset among
the grounded families in Table 6.1, selected by Any-F1. It is given for direct comparison
with the single shared configuration used across all three datasets. The shared configuration
is Gemini + SRL + Instructor-XL 128-d + no normalization + cosine emission (T = 12) +
difflib alignment.

6.8.3 One shared grounded configuration

Table 6.3 separates the best grounded pipeline on each dataset from one shared grounded con-
figuration. The best per-dataset rows switch between raw grounded text and grounded SRLs.
The shared configuration uses Gemini predicted descriptions, SRLs, Instructor-XL 128-d em-
beddings, no normalization, cosine emission with temperature 12, and difflib alignment. It is
the strongest grounded configuration shared by all three datasets. The Any-F1 gap to the per-
dataset best is small on CaptainCook4D (−0.008) and moderate on EgoPER and EgoOops.
This configuration is the strongest single shared setting across all three datasets.

6.8.4 Comparison with prior work

Table 6.4 reports benchmark-specific metrics. We select the best result by EDA and report
the remaining numbers from the same run. On EgoPER, all four grounded variants improve
over EgoPED and AMNAR on both EDA and AUC, with raw Gemini text reaching 72.5 EDA
and 76.8AUC. On CaptainCook4D, raw grounded text is weak under the AMNAR evaluation,
but SRLs close the gap sharply: Gemini + SRL reaches 80.9 Precision, 84.3 EDA, and 90.0

AUC; Qwen + SRL reaches 78.5, 84.1, and 89.9. This split between raw grounded text and
grounded SRLs matches the results in Table 6.2.

6.8.5 Auxiliary Assembly101 transfer experiments

Assembly101 is retained as an auxiliary benchmark from the earlier CHRONOFIX study. In
this domain, grounding is complicated by fine-grained part distinctions, repeated attachmen-
t/detachment cycles, and a protocol that does not align as cleanly with the later unified post-
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EgoPER CaptainCook4D
Method EDA AUC Precision EDA AUC
EgoPED [61] 57.0 62.0 56.5 69.8 54.9
AMNAR [49] 64.4 68.5 66.8 72.3 60.2
Ours (Qwen) 70.4 75.1 25.3 64.6 69.4
Ours (Qwen + SRL) 69.9 75.3 78.5 84.1 89.9
Ours (Gemini) 72.5 76.8 29.1 71.1 75.3
Ours (Gemini + SRL) 71.3 76.2 80.9 84.3 90.0

Table 6.4: Comparison with prior work under benchmark-specific protocols. Each of our rows
reports the highest EDA attained within that family under the corresponding benchmark pro-
tocol; the remaining metrics come from the same configuration. The methods are compared
under the original benchmarkmetrics, but their inference pipelines differ. On CaptainCook4D,
following AMNAR, the reported numbers correspond to the execution-only evaluation.

completion setting. We therefore use Assembly101 to test the limits of the HMM backbone
and of lightweight action–object superstructures, not to place it on the same main leaderboard
as CaptainCook4D, EgoPER, and EgoOops.

The auxiliary results support the same structural conclusion as the main experiments. Pure
visual embeddings remain weak, direct step grounding is difficult, and object-centric auxiliary
signals are more reliable than full step prediction. This is exactly the regime in which com-
pressed action–object representations are useful as a bridge from video to text, even though
they are still too lossy for the main language-grounded PCMD task. Appendix C reports the
auxiliary perception-side comparisons: Table C.10 for CaptainCook4D, Table C.11 for As-
sembly101 grounding tasks, and Table C.12 for the legacy Assembly101 HMM results.

6.9 Discussion

CHRONOFIX is intentionally conservative in modeling: the contribution is a systems abstrac-
tion for procedural video. The earlier CaptainCook4D/Assembly101 study established that
even a lightweight HMM can support interpretable PCMD once the input is expressed in step
space. The later cross-benchmark study showed that the quality of that step space is decisive:
raw benchmark text is the upper bound, semantic-role normalization helps most when VLM
grounding is noisy, and action–object abstractions are useful as a lightweight bridge but too
lossy for the main task. Together, these results support a modular pipeline in which stronger
grounding can be plugged into the same explicit procedure model.

87



6.10. Summary

6.10 Summary
CHRONOFIX demonstrates that PCMD becomes much more tractable when perception and
verification are decomposed. Across CaptainCook4D, EgoPER, and EgoOops, language-
grounded HMM inference provides a compact and interpretable framework for sequence-level
mistake detection, and semantic-role normalization improves robustness when grounded text
is noisy. Auxiliary Assembly101 experiments confirm the same structural point in a harder
assembly domain and clarify the limit of compressed action–object representations.
For PCMD, the most reliable route is to separate VLM-based perception from explicit
probabilistic task structure.

This path is, in our view, a productive route to a portable foundation for real-world proce-
dural quality control and transparent human–AI collaboration.
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Chapter 7

Conclusions and Future Work

This thesis studied Post-Completion Mistake Detection (PCMD) in procedural videos: the
problem of verifying a completed multi-step execution against an intended protocol, localiz-
ing deviations, and characterizing their type. PCMD remains under-explored compared to
online settings, yet it is central for real-world verification scenarios where the full execution
is available and correctness must be assessed reliably. The thesis approached PCMD as a
language-centered verification problem grounded in cognitive insights, temporal reasoning
diagnostics, and structured sequence modeling.

7.1 Summary of contributions
The thesis develops a unified framework for PCMD through three complementary contribu-
tions.

Diagnostics of VLM limitations. Chapters 3 and 4 provided diagnostic evidence that
current end-to-end VLM reasoning is unreliable for procedural verification prerequisites.
The analyses highlighted systematic failures in temporal reasoning (in particular, confusions
around completion, ordering, and overlap) and showed that evaluation formats such as
multiple-choice VideoQA can obscure these failures through selection artifacts and “blind
guessing” behavior.

Mistake-aware data and dataset assessment (PIE-V). Chapter 5 addressed the data bot-
tleneck by introducing a unified view of procedural mistakes and corrections, together with
an assessment rubric for comparing mistake-aware datasets in terms of plausibility, coher-
ence, and grounding. It also described PIE-V, a plan-first pipeline for injecting controlled,
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semantics-aware mistakes and plausible corrections into clean procedures, supporting scal-
able dataset enrichment and reproducible robustness evaluation.

Language-grounded, structure-first PCMD modeling (CHRONOFIX). Chapter 6 pro-
posed an efficient and interpretable baseline for PCMD: a language-grounded Hidden Markov
Model trained on correct-only step traces, combined with alignment and edit-based diagnosis
under a unified taxonomy. The model shifts the core of mistake detection into step-sequence
space and produces predictions that can be traced to concrete transitions, likelihood signals,
and edit operations.

7.2 What the thesis changes for PCMD practice

This thesis changes PCMD practice in three ways.
First, it reframes PCMD as verification under temporal–causal constraints, rather than as

a direct extension of action recognition or generic VideoQA. The diagnostic studies clarify
which sub-skills are non-negotiable for verification (completion-sensitive reasoning, correct
temporal binding, protocol consistency) and how common evaluation setups can misrepresent
model competence.

Second, it treats mistakes and corrections as core modeling and dataset objects. Instead
of focusing only on error labels, the thesis emphasizes realism, logical consistency, and text–
video grounding quality, and provides a rubric and a pipeline that make these properties mea-
surable and improvable.

Third, it offers a practical route to interpretable systems. By operating in text space over
grounded step sequences, PCMD decisions become explainable and easier to calibrate. This
reduces reliance on opaque end-to-end reasoning and supports resource-conscious deploy-
ment, transfer across domains, and more controlled error analysis.

7.3 Future work

7.3.1 Richer language explanations of detected mistakes

The current CHRONOFIX framework already uses semantic-role-aware structure as an interme-
diate representation for robust mistake detection. A natural next step is therefore to build an
explanation layer on top of this representation: given a detected deviation, the system should
verbalize which step was expected, what was observed instead, and which role mismatch or se-
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quencing violation triggered the diagnosis. This would turn the current structured error signal
into user-facing feedback for tutoring, troubleshooting, and human-in-the-loop verification.

7.3.2 Better grounding under open VLMs

Grounding quality remains a key bottleneck: if a grounded step trace is unstable, downstream
detection cannot be reliable. Future work should explore stronger open grounding pipelines,
including training-free step grounding methods, better temporal localization, and calibration-
aware confidence measures for step hypotheses. A related direction is to model grounding
uncertainty explicitly, for example through step lattices rather than a single best sequence.

7.3.3 From post-completion to online/early settings

While this thesis focused on PCMD, the structural view extends to online and early detection.
A promising direction is to adapt the sequence-based framework to partial traces, where the
model maintains a belief over the current step and predicts likely continuations, allowing it to
flag deviations before they fully unfold. This requires careful treatment of prefix ambiguity
and of the trade-off between early warning and false alarms.

7.3.4 Dataset releases and evaluation standardization

Finally, progress in mistake detection depends on shared evaluation standards. Future work
includes releasing mistake-enriched data generated with PIE-V, expanding audits across do-
mains, and standardizing dataset reporting along dimensions captured by the rubric (realism,
coherence, grounding, corrections). Establishing common taxonomies and comparable eval-
uation protocols would make results more transferable and reduce dataset-specific overfitting.

7.3.5 From PIE-V-style generation to model-ready benchmarks

An important next step is to connect the data and modeling contributions more directly. PIE-V
validates controllable, psychologically plausible mistake injection across heterogeneous pro-
cedures. CHRONOFIX needs repeated correct executions per canonical task so that sequence
statistics can be estimated reliably. A future benchmark should combine both properties: mul-
tiple correct executions per task together with mistake-enriched variants derived from them.
This would provide a principled setting for training and evaluating structure-first models on
realistic mistake traces.
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Overall, this thesis argues for a structured, language-centered approach to procedural verifica-
tion: diagnose the limits of black-box reasoning, build realistic mistake-aware data, and detect
deviations through interpretable sequence modeling. This combination provides a founda-
tion for more reliable procedural assistants and for a more mature research ecosystem around
PCMD.
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Appendix A

Supplementary material for diagnostics
chapters

A.1 Selection bias calibration in multiple-choice VideoQA
(Chapter 3)

A.1.1 Decomposition attacks and prompts (exact formats) for each
model

Video-LLaMA

Video-LLaMA aligns a BLIP-2-based visual encoder [64] with LLaMA [122]. It incorporates
audio signals using Imagebind [43]. Both the video and audio Q-formers are trained on the
Webvid-2M dataset [8] to align the modalities. LLaMA is fine-tuned with visual instructional
data.

Video-LLaMA is designed as a conversational model and was likely not specifically
trained on MCQA, but rather on open-ended VQA datasets to generate captions, descriptions,
and explanatory answers. Consequently, throughout our experiments with different prompt
options, it tends to engage in dialogue: it repeats the question, responds with the general
phrase “Hello, how can I help you today?”, describes the video content, or even asks follow-up
questions such as “What do you think about the video?” rather than providing a direct answer
from a predefined list of options or option IDs.1 Making it elicit a clear and concise answer
option is quite challenging.

1It is noteworthy that the model often uses the following template to explain its answer choice: “The ID of
the correct answer: ai. Explanation: …”

121



A.1. Selection bias calibration in multiple-choice VideoQA (Chapter 3)

To overcome this, we experimented with various prompts, temperature settings, and token
limits, and developed the following strategy:

System prompt:

Analyse the video, choose the correct answer in multiple choice question answering.

Give the ID of the correct answer option from the given list of options. Be concise.

User prompt:

<question> Options: <options>. The ID of the correct answer:

We set the number of beams to 2 and the temperature to 0.8. Additionally, we allowed the
model up to 30 attempts to produce an answer that includes an answer ID. We used the 7B
parameter model due to resource constraints. For answering, themodel selects eight uniformly
sampled frames.

Video-LLaVA

Video-LLaVA [69] uses the pre-trained CLIP ViT-L/14 vision encoder [102] and the Vi-
cuna language model [21]. Visual features from the encoder are projected into the same-
dimensional space as the textual embeddings via a linear projector.

Video-LLaVA effectively delivers concise answers as just a single option based on a short,
general prompt. However, in some cases, the model outputs as an answer option only “A” or
responds with “yes” or “no” to a closed question.

For this model, we used the following prompt:

<video_tag> Question: <question> Options: <options> The ID of the correct answer is:

Respond with only the correct answer ID. ASSISTANT:

Notably, on the completely unfamiliar datasets Perception Test and Video-MME adding
an empty option increases the number of responses that cannot be parsed as an answer ID
(although this increase is statistically insignificant). Combined with the observation that the
model tends to disregard options presented later in the prompt, this suggests that the length of
the question affects the model’s performance, and tokens closer to the end of the prompt have
a lower probability.

The model also selects eight frames from the video by uniform sampling. To conserve
computational resources, we used Video-LLaVA-7B with half-precision set by Torch’s auto-
cast. The temperature is equal to 1.
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SeViLA

SeViLA adopts a selfchaining approach with BLIP-2 [64] for keyframe localization and an-
swering question. Its Localizer uniformly samples 32 frames and selects the 4 most relevant
key ones, while the Answerer generates responses based on those frames. The Localizer and
Answerer both have Flan-T5 [22] for LLM.

SeViLA does not have any unanswered or unparsable responses because it was specifically
tailored for the multiple-choice VQA task: internally, it maps any answer option IDs to {A, B,
C, D, E}. However, it is limited to observing at most six answer options. In a side experiment,
we shifted all answers to options G, H, I, J, K leaving the first six options empty, and obtained
identical results to our other experimental setting, Empty Answers. This indicates that the
model is completely blind to options beyond F and is likely overfitted to the options {A, B, C,
D, E}.

Furthermore, the shape of the confusion matrices for NExT-QA and STAR in Figures A.1
and A.2 shows an unusually accurate understanding of these datasets, unlike those for Per-
ception Test and Video-MME. Since NExT-QA and STAR were released before SeViLA, the
model might have been fine-tuned on them. On the other hand, this suggests that the positional
bias in this model is much less pronounced.

Another vulnerability of SeViLA is that it uses argmax calculated on logit probabilities.
However, logits without numerical stabilization can produce NaN values when activated via
softmax. In such cases, according to argmax, the model’s answer defaults to a0. Among the
settings relevant for debiasing, such behavior was observed in 22 cases on NExT-QA.

For this model, we used the original prompts: Localizer prompt (when the model selects
32 frames):

Does the information within the frame provide necessary details to accurately answer

the given question?

Answerer prompt (when the model selects the answer based on 4 key frames):

Considering information in frames, select the correct answer from the options.

The confusion matrices for all models in the default (unmodified) setting in Figures A.1–
A.3 provide a quick insight into positional bias: darker blue cells indicate a greater accumu-
lation of answers.
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Figure A.1: All Models’ Confusion Matrices for NExT-QA.

Figure A.2: All Models’ Confusion Matrices for STAR.

Figure A.3: All Models’ Confusion Matrices for Video-MME.

Figure A.4: All Models’ Confusion Matrices for Perception Test.
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Figure A.5: Video-LLama option distribution for all accuracy-irrelevant settings of NExT-
QA, NExT-GQA, STAR, Perception Test and Video-MME.

Figure A.6: Video-LLava option distribution for all accuracy-irrelevant settings of NeXT-QA,
NExT-GQA, STAR, Perception Test and Video-MME.

Figure A.7: SeViLA option distribution for all accuracy-irrelevant settings of NExT-QA,
NExT-GQA, STAR, Perception Test and Video-MME.
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A.2. CAST: cross-modal self-consistency diagnostics (Chapter 3)

A.1.2 Full benchmark tables (bias metrics + accuracy deltas)

Bias vector visualization

Figure A.8: Bias vector and its projections on the decomposition planes.

A.1.3 Experimental settings examples (question/option modifications)

A.2 CAST: cross-modal self-consistency diagnostics (Chap-
ter 3)

A.2.1 Pair construction and editing operations

As previously mentioned, we sample image pairs from the DOCCI [90] train dataset (10k
images), and reject pairs that do not exhibit a certain threshold of CLIP similarity. In particular,
we use cosine-similarity between images to filter pairs which are either not similar enough
(< 0.75 CLIP score), or which contain near identical images or duplicates (≥ 0.95 CLIP
score). We decided on these boundaries through qualitative analysis of the DOCCI samples.
Additionally, we filter pairs by description length to only select descriptions with at least 500
characters.

After sampling from our desired image CLIP similarity range, we plot our subset against
the text CLIP similarity between each pairs of examples. There is some positive correlation
between the similarity of image pairs and the similarity of textual descriptions, as shown in
Figure A.9. However, some description similarity can be low even for images pairs which are
predicted to be similar. This is because some of the descriptions are short and/or the annotators
decided to focus on different aspects of the image.
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Figure A.9: CLIP similarity between descriptions and images of the sampled example pairs.

A.2.2 Prompts

Generation prompt

To generate a number of similarity statements, we use the prompt shown in Figure A.10. We
slightly modify the prompt to fit each modality input.

Given two scenes | side-by-side images | scenes and their corresponding images,
find up to five similarities between each scene|image|scene. Output each
similarity in a numbered list.

Figure A.10: Generation Prompt: For each model and each of the three modalities, we gener-
ate a list of similarity statements using the above prompt.

Evaluation prompt

To reduce variance in our results and potential biases that might exist towards certain prompt
phrasing [98, 109], we opt to use three different evaluation prompts shown in Figure A.11.

A.2.3 Results

The full CAST results for all the tested models are shown in Table A.6.
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1. Given two scenes|side-by-side images|scenes and their corresponding images,
does the following statement apply to only one of the scenes | images |
scenes? Answer with ‘one’ or ‘both’.

2. Given two scenes|side-by-side images|scenes and their corresponding images,
is the following statement true for both of the scenes|images|scenes? Answer
with ‘true’ or ‘false’ if the statement is untrue or only true for one of
the scenes|images|scenes.

3. Given two descriptions|side-by-side images|descriptions and their
corresponding images, does the following statement describe both of the
descriptions|images|descriptions? Answer with ‘yes’ or ‘no’ if the statement
is not applicable to one of the descriptions|images|descriptions.

Figure A.11: Evaluation Prompts: For each model and each of the three modalities, we gener-
ate validate a similarity statement from the generation step. We use three different evaluation
prompts to reduce potential bias of models towards a particular prompt format.

A.3 Telicity annotations on temporal VideoQA (Chapter 4)

Table A.7 shows results of our telicity test for the temporal split of NExT-QA.

A.4 Scaling temporal VideoQA with broad relation cover-
age

Paraphrasing prompt

We used the following prompt to create rephrasing of templated questions with LLama2
and GPT-4: f“Your task is to rephrase this question five times: {question} Do not

answer the question, only generate new rephrased options with the same meaning.

Here are the rephrased options: 1.”

Examples of generated questions

The examples of Assembly101 templated temporal questions rephrased by Llama2 are shown
in Table A.8
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A.4.1 Study III (ACL 2025): PERFECT TIMES full materials

This appendix collects the full methodological and experimental material for PERFECT TIMES
used in Chapter 4, Section 4.4. It is organized for copy-paste reuse from the paper sources.

A.4.2 Language templates

Examples from PERFECT TIMES

The aggregated examples in all languages are presented in Figures A.12-A.17.

Figure A.12: Example from PERFECT TIMES generated by Template 1a for all the languages.

A.5 Models and prompts for testing on PERFECT TIMES
The core idea of VLMs is to bridge the gap between visual features extracted from video
and linguistic features from text for such tasks as video captioning, video question answering,
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Figure A.13: Example from PERFECT TIMES generated by Template 11a for all the languages.

video summarization, and more.
Most VLMs typically share a high-level architecture comprising three main components:

1. Visual Encoder: Responsible for extracting meaningful features from the video stream.

2. Language Encoder (and often a Language Decoder): An LLM that handles textual
input and generates textual output.

3. Multimodal Fusion Projector: This component connects the visual and language
parts, allowing them to interact and produce a unified representation. After extracting
features from individual frames, it maps these visual features into the same embedding
space as the language model’s tokens.

A fundamental aspect of VLM processing is that video is generally treated as a sequence
of individual images (frames). To prevent the loss of temporal information when processing
each frame independently, VLMs often incorporate mechanisms to capture motion and tem-
poral relationships, such as with concatenation of features or through a dedicated temporal
transformer.

Frames are sampled either uniformly or by identifying keyframes. For models like GPT-
4o, InternVL2, and MiniCPM-V, we use uniform sampling by extracting frames at regular

130



Appendix A. Supplementary material for diagnostics chapters

Figure A.14: Example from PERFECT TIMES generated by Template 6a for all the languages.
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Figure A.15: Example from PERFECT TIMES generated by Template 8b2 for all the languages.

intervals (e.g., every 3 seconds or up to an upper limit). Similarly, Gemini-2.0-Flash-Lite,
while inherently multimodal, gets individual frames when it is passed the entire video and
interacted with via API. In contrast, LLaVA-NeXT-Video handles video processing inter-
nally with its specialized LlavaNextVideoProcessor and Qwen2-VL uses AutoProcessor and
Qwen2VLForConditionalGeneration.

The Figure A.18 illustrates the processing pipeline from multimodal input to text genera-
tion.

Table A.13 gives details on the open-source models’ components.

A.6 Prompts

Since each model accepts input differently, the general question-answer options prompts have
been customized.

Qwen2-VL Prompt The Qwen2-VL question messages for all the languages are straight-
forward, as follows:

“en”: question_str = f“Question: {question}” instruction = “Choose the correct answer
(a0, a1, a2, or a3).”
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Figure A.16: Example from PERFECT TIMES generated by Template 2a1 for all the languages.
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Figure A.17: Example from PERFECT TIMES generated by Template 3a for all the languages.

Figure A.18: Overview of a Typical VLMArchitecture from raw video and text inputs through
encoding, multimodal fusion, and final text generation.
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“it”: question_str = f“Domanda: {question}” instruction = “Scegli la risposta corretta (a0,
a1, a2 o a3).”

“ru”: question_str = f“Вопрос: {question}” instruction = “Выберите правильный ответ
(a0, a1, a2 или a3).”

“jp”: question_str = f“質問: {question}” instruction = “正しい答えを選んでください
(a0, a1, a2, a3)。”

Together with the answer options they form text prompts:

text\_prompt = (

f‘‘{question_str}\n’’

f‘‘a0: {options[’a0’]}\n’’

f‘‘a1: {options[’a1’]}\n’’

f‘‘a2: {options[’a2’]}\n’’

f‘‘a3: {options[’a3’]}\n’’

f‘‘{instruction}’’

The combined input to the models includes videos as follows:

messages = [

{‘‘role’’: ‘‘user’’,

‘‘content’’: [

{‘‘type’’: ‘‘video’’,

‘‘video’’: video_uri,

‘‘fps’’: 1.0,

‘‘max_pixels’’: 360 * 420},

{‘‘type’’: ‘‘text’’, ‘‘text’’: text_prompt},

]

}

]

MiniCPM-V Prompt The text prompt for MiniCPM-V needs specific clarification about
the option key. Otherwise it generates an unparsable answer.

“en”: question_str = f“Question: {question}”
instruction = “Choose the correct answer (a0, a1, a2, or a3) and respond only with the

option key (e.g., a0). Do not include any additional text.”
“it”: question_str = f“Domanda: {question}”
instruction = “Scegli la risposta corretta (a0, a1, a2 o a3) e rispondi solo con la chiave

dell’opzione (es. a0). Non includere testo aggiuntivo.”
“ru”: question_str = f“Вопрос: {question}”
instruction = “Выберите правильный ответ (a0, a1, a2 или a3) и ответь только ключом

варианта (например, a0). Не добавляй дополнительный текст.”
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“jp”: question_str = f“質問: {question}”
instruction = “正しい答えを選んでください (a0, a1, a2, a3)そしてオプションキー

のみで回答してください (例: a0)。追加のテキストを含めないでください。”
The entire text prompt is as follows:

text_prompt = (

f‘‘{question_str}\n’’

f‘‘a0: {options[’a0’]\n}’’

f‘‘a1: {options[’a1’]\\n}’’

f‘‘a2: {options[’a2’]\\n}’’

f‘‘a3: {options[’a3’]\\n}’’

f‘‘{instruction}’’)

The message content is defined as a list that concatenates the list of video frames (as PIL
images) with the text prompt the following way:

[{‘‘role’’: ‘‘user’’,

‘‘content’’: frames + [text_prompt]}]

InternVL2 Prompt The prompt for InternVL2 contains a system message, frame intro,
question, answer options and instruction.

text_prompt = (

f‘‘{system_messages[language]}\n’’

f‘‘{frame_intro[language]}\n\n’’

f‘‘{question_str}\n’’

f‘‘a0: {options[’a0’]}\n’’

f‘‘a1: {options[’a1’]}\n’’

f‘‘a2: {options[’a2’]}\n’’

f‘‘a3: {options[’a3’]}\n’’

f‘‘{instruction}’’

)

Localized messages for instructions to InternVL2 are as follows:
system_messages = {
“en”: “Use the provided video frames to answer the question.”,
“it”: “Utilizza i frame del video per rispondere alla domanda.”,
“ru”: “Используй данные кадры видео, чтобы ответить на вопрос.”,
“jp”: “提供されたビデオフレームを使用して質問に答えてください。”
}
frame_intro = {
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“en”: “These are the frames from the video.”,
“it”: “Questi sono i frame del video.”,
“ru”: “Это кадры из видео.”,
“jp”: “以下はビデオのフレームです。”
}
“en”: question_str = f“Question: {question}”
instruction = “Choose the correct answer (a0, a1, a2, or a3).”
“it”: question_str = f“Domanda: {question}”
instruction = “Scegli la risposta corretta (a0, a1, a2 o a3).”
“ru”: question_str = f“Вопрос: {question}”
instruction = “Выберите правильный ответ (a0, a1, a2 или a3).”
“jp”: question_str = f“質問: {question}”
instruction = “正しい答えを選んでください (a0, a1, a2, a3)。”

LLaVA-NeXT-Video Prompt LLaVA-NeXT-Video accepts videos as input:

{

‘‘role’’: ‘‘user’’,

‘‘content’’: [

{‘‘type’’: ‘‘text’’, ‘‘text’’: text_prompt},

{‘‘type’’: ‘‘video’’,

‘‘video’’: f‘‘file://{video_path}’’},

],

}

The text prompt has the localized question, answer options and instruction as follows:

text_prompt = (

f‘‘{question_str} {question}\n’’

f‘‘a0: {options[’a0’]}\n’’

f‘‘a1: {options[’a1’]}\n’’

f‘‘a2: {options[’a2’]}\n’’

f‘‘a3: {options[’a3’]}\n’’

f‘‘{instruction}’’

)

The question messages and instructions in four languages are as follows:
translations = {
“en”: (“Question:”, “Please choose the correct answer (a0, a1, a2, or a3).”),
“it”: (“Domanda:”, “Per favore, scegli la risposta corretta (a0, a1, a2 o a3).”),
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“ru”: (“Вопрос:”, “Пожалуйста, выберите правильный ответ (a0, a1, a2 или a3).”),
“jp”: (“質問:”, “正しい答えを選んでください (a0, a1, a2, a3)。”)
}

GPT-4o Prompt Localized messages for making the GPT-4o prompt are as follows:
system_messages = {
“en”: “Use the provided video frames to answer the question.”,
“it”: “Utilizza i frame del video per rispondere alla domanda.”,
“ru”: “Используй данные кадры видео, чтобы ответить на вопрос.”,
“jp”: “提供されたビデオフレームを使用して質問に答えてください。” }
frame_intro = { “en”: “These are the frames from the video.”,
“it”: “Questi sono i frame del video.”,
“ru”: “Это кадры из видео.”,
“jp”: “以下はビデオのフレームです。” }
To avoid generating multiple tokens, we further restrict the model in the instruction:
“en”: ( “Question”, “Choose the correct answer (a0, a1, a2, or a3) and respond **only**

with the option key (e.g., a0). Do not include any additional text.” ),
“it”: ( “Domanda”, “Scegli la risposta corretta (a0, a1, a2 o a3) e rispondi **solo** con

la chiave dell’opzione (es. a0). Non includere testo aggiuntivo.” ),
“ru”: ( “Вопрос”, “Выбери правильный ответ (a0, a1, a2 или a3) и ответь **только**

ключом варианта (например, a0). Не добавляй дополнительный текст.” ),
“jp”: ( “質問”, “正しい答えを選んでください (a0, a1, a2, a3)そしてオプションキ

ーのみで回答してください (例: a0)。追加のテキストを含めないでください。”
The entire text prompt contains a question label, a question, answer options and an insruc-

tion as follows:

text_prompt = (

f‘‘{question_label}: {question}\n’’

f‘‘a0: {options[’a0’]}\n’’

f‘‘a1: {options[’a1’]}\n’’

f‘‘a2: {options[’a2’]}\n’’

f‘‘a3: {options[’a3’]}\n’’

f‘‘{instruction}’’

)

In the input message to the model we pass the text prompt and frames as follows:

messages = [

{‘‘role’’: ‘‘system’’, ‘‘content’’: system_message},
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{‘‘role’’: ‘‘user’’, ‘‘content’’: [frame_message,

*frames_payload, prompt]}

]

Gemini-2.0-Flash-Lite Prompt Similarly to GPT-4o, the question previews and instruc-
tions for Gemini-2.0-Flash-Lite are localized with the restriction for output tokens as follows:

“en”:
question_str = f“Question: {question}”
instruction = (“Choose the correct answer (a0, a1, a2, or a3) and respond only with the

option key (e.g., a0). Do not include any additional text.”)
“it”:
question_str = f“Domanda: {question}”
instruction = (“Scegli la risposta corretta (a0, a1, a2 o a3) e rispondi solo con la chiave

dell’opzione (es. a0). Non includere testo aggiuntivo.”)
“ru”:
question_str = f“Вопрос: {question}”
instruction = (“Выбери правильный ответ (a0, a1, a2 или a3) и ответь только ключом

варианта (например, a0). Не добавляй дополнительный текст.”)
“jp”:
question_str = f“質問: {question}”
instruction = (“正しい答えを選んでください (a0, a1, a2, a3)そしてオプションキー

のみで回答してください (例: a0)。追加のテキストを含めないでください。”)
The text prompt template is the same as for Qwen2-VL and MiniCPM-V:

text_prompt = (

f‘‘{question_str}\n’’

f‘‘a0: {options[’a0’]}\n’’

f‘‘a1: {options[’a1’]}\n’’

f‘‘a2: {options[’a2’]}\n’’

f‘‘a3: {options[’a3’]}\n’’

f‘‘{instruction}’’

)

The input contents can simply be the list [text_prompt, video_part], where the video with
the proper MIME type, so that the model knows exactly what kind of data it takes.

For all the models the answer is parsed with regex:

re.search(r‘‘\ba[0-3]\b’’, generated_text.lower())
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A.7 Qualitative Error Example

Figure A.19: An example from the PERFECT TIMES dataset illustrating the erroneous answer
by all the models. The blue and green stripes indicate temporal progression. The correct
answer highlighted in bold. The interaction between a completed action (to put a dish or
dishes somewhere) and a durative action (to hold the dish) is justified by the visual modality,
as it disambiguates the reference to the different bowls.
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Table A.1: Comparison of BOLD and Weighted_BOLD bias mitigation approaches across
models and datasets for performance and bias monitoring metrics with k = 0.25.

Model Dataset Configuration Performance Metrics Bias Monitoring Metrics
Accuracy F1_mean Recall_std F1_std JS_std

NExT-QA Default 49.95 49.81 16.31 3.27 5.4
BOLD 51.81 (↑3.72%) 51.71

(↑3.82%)
13.29
(↓18.54%)

2.66
(↓18.59%)

4.58
(↓15.12%)

+Weighted_BOLD 51.89 (↑3.88%) 51.77
(↑3.95%)

13.28
(↓18.57%)

2.73
(↓16.57%)

4.56
(↓15.39%)

-
/+Weighted_BOLD

52.28 (↑4.65%) 52.25 (↑4.9%) 10.9
(↓33.18%)

2.23
(↓31.89%)

3.9 (↓27.63%)

Video-LLaVA

STAR Default 34.77 31.83 24.99 6.82 5.78
BOLD 37.45 (↑7.7%) 36.14

(↑13.54%)
17.43
(↓30.23%)

4.84
(↓29.02%)

4.52
(↓21.74%)

+Weighted_BOLD 37.81 (↑8.75%) 36.67
(↑15.22%)

16.15
(↓35.38%)

4.71
(↓30.94%)

4.15
(↓28.15%)

-
/+Weighted_BOLD

39.87 (↑14.67%) 39.65
(↑24.57%)

6.85
(↓72.56%)

2.34
(↓65.67%)

2.08
(↓63.98%)

Perception Test Default 40.72 35.69 27.5 14.75 5.28
BOLD 41.62 (↑2.22%) 38.68

(↑8.38%)
21.77
(↓20.85%)

10.93
(↓25.88%)

3.77
(↓28.54%)

+Weighted_BOLD 41.95 (↑3.02%) 39.46
(↑10.58%)

19.73
(↓28.26%)

10.24
(↓30.53%)

3.39
(↓35.79%)

-
/+Weighted_BOLD

42.01 (↑3.18%) 40.48
(↑13.43%)

14.69
(↓46.59%)

8.48
(↓42.52%)

2.91 (↓44.9%)

Video-MME Default 34.3 30.99 24.09 8.06 4.79
BOLD 34.63 (↑0.97%) 32.71

(↑5.54%)
18.21
(↓24.4%)

6.18
(↓23.36%)

3.86
(↓19.47%)

+Weighted_BOLD 34.59 (↑0.86%) 33.01
(↑6.51%)

15.92
(↓33.93%)

5.91
(↓26.68%)

3.38
(↓29.56%)

-
/+Weighted_BOLD

33.93 (↓1.08%) 33.21
(↑7.16%)

10.1
(↓58.07%)

4.09
(↓49.26%)

2.33
(↓51.39%)

NExT-QA Default 44.79 40.85 23.83 15.86 16.09
BOLD 45.88 (↑2.43%) 42.15

(↑3.18%)
22.98
(↓3.53%)

15.53
(↓2.11%)

15.56 (↓3.3%)

+Weighted_BOLD 45.96 (↑2.61%) 42.27
(↑3.46%)

22.78 (↓4.4%) 15.46
(↓2.55%)

15.52
(↓3.55%)

-
/+Weighted_BOLD

47.56 (↑6.19%) 46.63
(↑14.14%)

13.79
(↓42.11%)

8.47
(↓46.62%)

12.14
(↓24.53%)

Video-LLaMA

STAR Default 36.52 31.86 24.1 15.44 15.29
BOLD 37.19 (↑1.82%) 33.02

(↑3.65%)
22.29 (↓7.5%) 14.55

(↓5.75%)
14.58 (↓4.6%)

+Weighted_BOLD 37.21 (↑1.89%) 33.32
(↑4.59%)

21.45
(↓10.97%)

14.03 (↓9.1%) 14.22 (↓7.0%)

-
/+Weighted_BOLD

38.63 (↑5.76%) 38.07
(↑19.52%)

10.16
(↓57.84%)

4.78
(↓69.05%)

8.93
(↓41.61%)

Perception Test Default 41.39 37.19 27.06 11.4 16.06
BOLD 41.92 (↑1.27%) 38.7 (↑4.06%) 24.04

(↓11.16%)
9.85
(↓13.61%)

14.44
(↓10.12%)

+Weighted_BOLD 42.06 (↑1.62%) 39.36
(↑5.86%)

21.8
(↓19.45%)

9.11
(↓20.06%)

13.05
(↓18.75%)

-
/+Weighted_BOLD

42.05 (↑1.59%) 41.35
(↑11.2%)

11.13
(↓58.86%)

4.71
(↓58.65%)

8.43
(↓47.51%)

Video-MME Default 32.05 28.15 20.62 12.52 13.75
BOLD 32.69 (↑2.01%) 29.2 (↑3.73%) 19.28 (↓6.5%) 11.95

(↓4.54%)
13.13
(↓4.53%)

+Weighted_BOLD 32.2 (↑0.47%) 28.98
(↑2.94%)

17.65
(↓14.38%)

11.69
(↓6.56%)

12.6 (↓8.39%)

-
/+Weighted_BOLD

32.92 (↑2.72%) 30.39
(↑7.97%)

15.65
(↓24.08%)

10.21
(↓18.39%)

11.68
(↓15.04%)

NExT-QA Default 63.91 63.88 2.15 1.32 1.99
BOLD 63.92 (↑0.02%) 63.89

(↑0.03%)
2.0 (↓6.81%) 1.18

(↓10.43%)
1.97 (↓0.91%)

+Weighted_BOLD 63.88 (↓0.04%) 63.86
(↓0.03%)

2.08 (↓3.47%) 1.28 (↓2.87%) 1.9 (↓4.64%)

-
/+Weighted_BOLD

63.95 (↑0.07%) 63.95
(↑0.11%)

1.44 (↓32.8%) 1.16
(↓12.17%)

1.63 (↓18.3%)

SeViLA

STAR Default 46.28 46.14 4.47 2.3 2.25
BOLD 46.17 (↓0.24%) 46.05 (↓0.2%) 4.09 (↓8.42%) 2.24 (↓2.93%) 2.11 (↓6.25%)
+Weighted_BOLD 46.07 (↓0.46%) 45.95

(↓0.42%)
4.12 (↓7.63%) 2.28 (↓1.24%) 2.13 (↓5.17%)

-
/+Weighted_BOLD

46.2 (↓0.18%) 46.08
(↓0.13%)

4.04 (↓9.49%) 2.23 (↓3.15%) 2.16 (↓3.9%)

Perception Test Default 45.3 45.11 6.21 3.02 1.59
BOLD 45.28 (↓0.03%) 45.15

(↑0.09%)
5.1 (↓17.85%) 2.93 (↓3.09%) 1.26

(↓21.04%)
+Weighted_BOLD 45.34 (↑0.09%) 45.24

(↑0.29%)
4.26
(↓31.39%)

2.65
(↓12.43%)

1.03
(↓35.41%)

-
/+Weighted_BOLD

45.22 (↓0.17%) 45.15
(↑0.09%)

3.69
(↓40.51%)

2.38
(↓21.06%)

0.85
(↓46.67%)

Video-MME Default 39.85 39.82 4.67 1.68 0.84
BOLD 40.04 (↑0.46%) 40.04

(↑0.56%)
3.79
(↓18.89%)

1.48
(↓12.03%)

0.74
(↓11.46%)

+Weighted_BOLD 40.07 (↑0.56%) 40.08
(↑0.66%)

3.64
(↓22.05%)

1.48
(↓11.82%)

0.67
(↓20.11%)

-
/+Weighted_BOLD

40.04 (↑0.46%) 40.06
(↑0.63%)

2.31 (↓50.5%) 1.36
(↓18.83%)

0.3 (↓63.83%)
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A.7. Qualitative Error Example

Table A.2: Comparison of BOLD and Weighted_BOLD bias mitigation approaches across
models and datasets for performance and bias monitoring metrics with k = 0.5.

Model Dataset Configuration Performance Metrics Bias Monitoring Metrics
Accuracy F1_mean Recall_std F1_std JS_std

NExT-QA Default 44.79 40.85 23.83 15.86 16.09
BOLD 45.88 (↑2.43%) 42.15

(↑3.18%)
22.98
(↓3.53%)

15.53
(↓2.11%)

15.55
(↓3.31%)

+Weighted_BOLD 45.91 (↑2.51%) 42.2 (↑3.29%) 22.83
(↓4.19%)

15.51 (↓2.2%) 15.56
(↓3.27%)

-
/+Weighted_BOLD

48.25 (↑7.73%) 46.52
(↑13.86%)

16.6
(↓30.32%)

10.6
(↓33.17%)

13.27
(↓17.48%)

Video-LLaMA

STAR Default 36.52 31.86 24.1 15.44 15.29
BOLD 37.19 (↑1.82%) 33.02

(↑3.65%)
22.29 (↓7.5%) 14.55

(↓5.75%)
14.58
(↓4.66%)

+Weighted_BOLD 37.34 (↑2.24%) 33.5 (↑5.16%) 21.13
(↓12.3%)

14.05
(↓8.98%)

14.14
(↓7.54%)

-
/+Weighted_BOLD

38.61 (↑5.72%) 38.06
(↑19.47%)

10.18
(↓57.75%)

4.79
(↓68.99%)

8.58
(↓43.89%)

Perception Test Default 41.39 37.19 27.06 11.4 16.06
BOLD 41.9 (↑1.24%) 38.68

(↑4.01%)
24.05
(↓11.11%)

9.87
(↓13.45%)

14.45
(↓10.01%)

+Weighted_BOLD 42.06 (↑1.62%) 39.36
(↑5.86%)

21.8
(↓19.45%)

9.11
(↓20.06%)

13.02
(↓18.94%)

-
/+Weighted_BOLD

42.27 (↑2.13%) 41.24
(↑10.9%)

13.55
(↓49.93%)

5.64
(↓50.54%)

9.73
(↓39.41%)

Video-MME Default 32.05 28.15 20.62 12.52 13.75
BOLD 32.73 (↑2.13%) 29.23

(↑3.85%)
19.29
(↓6.45%)

11.96
(↓4.46%)

13.1 (↓4.73%)

+Weighted_BOLD 32.2 (↑0.47%) 28.98
(↑2.94%)

17.65
(↓14.38%)

11.69
(↓6.56%)

12.64
(↓8.04%)

-
/+Weighted_BOLD

32.88 (↑2.6%) 31.21
(↑10.87%)

12.77
(↓38.06%)

8.02
(↓35.91%)

10.42
(↓24.25%)

NExT-QA Default 49.95 49.81 16.31 3.27 5.4
BOLD 51.81 (↑3.72%) 51.71

(↑3.82%)
13.27
(↓18.63%)

2.67
(↓18.42%)

4.58
(↓15.06%)

+Weighted_BOLD 52.15 (↑4.39%) 52.04
(↑4.49%)

12.72
(↓22.02%)

2.62
(↓19.83%)

4.49
(↓16.83%)

-
/+Weighted_BOLD

53.65 (↑7.41%) 53.53
(↑7.48%)

8.49
(↓47.97%)

3.15 (↓3.61%) 3.78
(↓29.87%)

Video-LLaVA

STAR Default 34.77 31.83 24.99 6.82 5.78
BOLD 37.21 (↑7.01%) 35.76

(↑12.37%)
18.28
(↓26.85%)

4.97
(↓27.15%)

4.54
(↓21.39%)

+Weighted_BOLD 37.53 (↑7.94%) 36.18
(↑13.69%)

17.45
(↓30.15%)

4.91
(↓28.03%)

4.26
(↓26.24%)

-
/+Weighted_BOLD

38.31 (↑10.17%) 37.39
(↑17.47%)

13.26
(↓46.92%)

4.59
(↓32.59%)

3.25
(↓43.67%)

Perception Test Default 40.72 35.69 27.5 14.75 5.28
BOLD 41.62 (↑2.22%) 38.69 (↑8.4%) 21.75

(↓20.9%)
10.92
(↓25.97%)

3.78 (↓28.4%)

+Weighted_BOLD 41.95 (↑3.02%) 39.46
(↑10.58%)

19.73
(↓28.26%)

10.24
(↓30.53%)

3.4 (↓35.51%)

-
/+Weighted_BOLD

41.62 (↑2.22%) 40.88
(↑14.56%)

11.01
(↓59.96%)

5.44
(↓63.11%)

2.59
(↓50.97%)

Video-MME Default 34.3 30.99 24.09 8.06 4.79
BOLD 34.7 (↑1.19%) 32.79

(↑5.81%)
18.19
(↓24.51%)

6.16
(↓23.63%)

3.84
(↓19.93%)

+Weighted_BOLD 34.63 (↑0.97%) 32.97
(↑6.38%)

16.36
(↓32.07%)

6.01
(↓25.43%)

3.43 (↓28.5%)

-
/+Weighted_BOLD

34.0 (↓0.86%) 32.6 (↑5.21%) 14.11
(↓41.43%)

5.79
(↓28.18%)

2.92
(↓39.01%)

NExT-QA Default 63.91 63.88 2.15 1.32 1.99
BOLD 63.92 (↑0.02%) 63.89

(↑0.02%)
2.03 (↓5.47%) 1.18 (↓10.4%) 1.99 (↓0.17%)

+Weighted_BOLD 63.93 (↑0.04%) 63.91
(↑0.04%)

1.99 (↓7.64%) 1.19 (↓9.83%) 1.99 (↓0.04%)

-
/+Weighted_BOLD

64.01 (↑0.16%) 64.0 (↑0.19%) 1.14
(↓47.18%)

1.17
(↓11.43%)

2.01 (↑1.1%)

SeViLA

STAR Default 46.28 46.14 4.47 2.3 2.25
BOLD 46.22 (↓0.12%) 46.1 (↓0.08%) 4.13 (↓7.46%) 2.26 (↓1.78%) 2.1 (↓6.64%)
+Weighted_BOLD 46.2 (↓0.18%) 46.08

(↓0.13%)
4.01
(↓10.17%)

2.2 (↓4.36%) 2.07 (↓8.2%)

-
/+Weighted_BOLD

46.38 (↑0.21%) 46.3 (↑0.34%) 3.41
(↓23.66%)

1.94
(↓15.89%)

1.93
(↓14.33%)

Perception Test Default 45.3 45.11 6.21 3.02 1.59
BOLD 45.32 (↑0.06%) 45.18

(↑0.16%)
5.18
(↓16.61%)

2.95 (↓2.43%) 1.3 (↓18.42%)

+Weighted_BOLD 45.31 (↑0.03%) 45.2 (↑0.21%) 4.56
(↓26.58%)

2.83 (↓6.43%) 1.08
(↓31.92%)

-
/+Weighted_BOLD

45.25 (↓0.12%) 45.2 (↑0.2%) 3.25
(↓47.69%)

2.28
(↓24.52%)

0.71
(↓55.13%)

Video-MME Default 39.85 39.82 4.67 1.68 0.84
BOLD 40.19 (↑0.84%) 40.17

(↑0.88%)
4.11
(↓12.03%)

1.41
(↓16.19%)

0.73
(↓12.52%)

+Weighted_BOLD 40.04 (↑0.46%) 40.03
(↑0.54%)

3.78
(↓19.14%)

1.44 (↓14.6%) 0.69
(↓17.22%)

-
/+Weighted_BOLD

39.81 (↓0.09%) 39.83
(↑0.04%)

2.99
(↓35.93%)

1.43
(↓14.97%)

0.45
(↓45.74%)
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Appendix A. Supplementary material for diagnostics chapters

Table A.3: Comparison of BOLD and Weighted_BOLD bias mitigation approaches across
models and datasets for performance and bias monitoring metrics with k = 0.75.

Model Dataset Configuration Performance Metrics Bias Monitoring Metrics
Accuracy F1_mean Recall_std F1_std JS_std

NExT-QA Default 44.79 40.85 23.83 15.86 16.09
BOLD 45.87 (↑2.4%) 42.16

(↑3.19%)
22.96
(↓3.63%)

15.49
(↓2.37%)

15.56
(↓3.28%)

+Weighted_BOLD 45.91 (↑2.51%) 42.2 (↑3.29%) 22.83
(↓4.19%)

15.51 (↓2.2%) 15.57
(↓3.23%)

-
/+Weighted_BOLD

47.56 (↑6.19%) 46.63
(↑14.14%)

13.36
(↓43.91%)

8.42
(↓46.91%)

11.79
(↓26.73%)

Video-LLaMA

STAR Default 36.52 31.86 24.1 15.44 15.29
BOLD 37.19 (↑1.82%) 33.02

(↑3.65%)
22.29 (↓7.5%) 14.55

(↓5.75%)
14.59
(↓4.59%)

+Weighted_BOLD 37.34 (↑2.24%) 33.5 (↑5.16%) 21.13
(↓12.3%)

14.05
(↓8.98%)

14.13
(↓7.56%)

-
/+Weighted_BOLD

38.74 (↑6.07%) 38.14
(↑19.74%)

10.58
(↓56.11%)

4.94
(↓68.03%)

9.64
(↓36.94%)

Perception Test Default 41.39 37.19 27.06 11.4 16.06
BOLD 41.9 (↑1.24%) 38.67

(↑3.98%)
24.09
(↓11.0%)

9.88
(↓13.29%)

14.46
(↓9.97%)

+Weighted_BOLD 42.06 (↑1.62%) 39.36
(↑5.86%)

21.8
(↓19.45%)

9.11
(↓20.06%)

13.12
(↓18.33%)

-
/+Weighted_BOLD

42.29 (↑2.16%) 41.32
(↑11.13%)

12.96
(↓52.13%)

5.53
(↓51.52%)

9.56
(↓40.45%)

Video-MME Default 32.05 28.15 20.62 12.52 13.75
BOLD 32.69 (↑2.01%) 29.2 (↑3.75%) 19.24 (↓6.7%) 11.94

(↓4.63%)
13.09 (↓4.8%)

+Weighted_BOLD 32.2 (↑0.47%) 28.97
(↑2.94%)

17.65
(↓14.38%)

11.7 (↓6.54%) 12.56
(↓8.62%)

-
/+Weighted_BOLD

32.65 (↑1.89%) 30.55
(↑8.55%)

13.94
(↓32.38%)

9.24
(↓26.17%)

11.04
(↓19.73%)

NExT-QA Default 49.95 49.81 16.31 3.27 5.4
BOLD 51.81 (↑3.72%) 51.71

(↑3.82%)
13.27
(↓18.63%)

2.67
(↓18.42%)

4.58
(↓15.14%)

+Weighted_BOLD 51.96 (↑4.02%) 51.86
(↑4.12%)

12.92
(↓20.76%)

2.64
(↓19.44%)

4.48
(↓17.02%)

-
/+Weighted_BOLD

53.75 (↑7.6%) 53.66
(↑7.73%)

8.51
(↓47.82%)

2.58
(↓21.07%)

3.6 (↓33.28%)

Video-LLaVA

STAR Default 34.77 31.83 24.99 6.82 5.78
BOLD 37.21 (↑7.01%) 35.76

(↑12.37%)
18.28
(↓26.85%)

4.97
(↓27.15%)

4.62
(↓20.03%)

+Weighted_BOLD 37.52 (↑7.9%) 36.17
(↑13.64%)

17.45
(↓30.14%)

4.91
(↓28.02%)

4.27 (↓26.1%)

-
/+Weighted_BOLD

37.86 (↑8.87%) 36.87
(↑15.85%)

13.12
(↓47.51%)

4.68
(↓31.37%)

3.09
(↓46.45%)

Perception Test Default 40.72 35.69 27.5 14.75 5.28
BOLD 41.62 (↑2.22%) 38.68

(↑8.38%)
21.77
(↓20.85%)

10.93
(↓25.88%)

3.79
(↓28.21%)

+Weighted_BOLD 41.95 (↑3.02%) 39.46
(↑10.58%)

19.73
(↓28.26%)

10.24
(↓30.53%)

3.41 (↓35.4%)

-
/+Weighted_BOLD

42.21 (↑3.66%) 41.64
(↑16.67%)

9.47
(↓65.56%)

5.14
(↓65.14%)

1.8 (↓65.84%)

Video-MME Default 34.3 30.99 24.09 8.06 4.79
BOLD 34.63 (↑0.97%) 32.64

(↑5.33%)
18.59
(↓22.84%)

6.19 (↓23.2%) 3.85
(↓19.65%)

+Weighted_BOLD 34.48 (↑0.54%) 32.89
(↑6.13%)

15.94
(↓33.83%)

5.86
(↓27.32%)

3.37
(↓29.66%)

-
/+Weighted_BOLD

33.78 (↓1.51%) 33.2 (↑7.12%) 9.23 (↓61.7%) 3.35
(↓58.46%)

1.42
(↓70.35%)

NExT-QA Default 63.91 63.88 2.15 1.32 1.99
BOLD 63.91 (↑0.0%) 63.88

(↑0.01%)
2.03 (↓5.45%) 1.18

(↓10.77%)
1.98 (↓0.34%)

+Weighted_BOLD 63.93 (↑0.04%) 63.91
(↑0.04%)

2.0 (↓6.83%) 1.2 (↓8.97%) 1.98 (↓0.23%)

-
/+Weighted_BOLD

64.11 (↑0.31%) 64.09
(↑0.34%)

1.2 (↓44.36%) 1.09
(↓17.41%)

2.15 (↑8.2%)

SeViLA

STAR Default 46.28 46.14 4.47 2.3 2.25
BOLD 46.27 (↓0.03%) 46.15

(↑0.02%)
4.07 (↓8.91%) 2.22 (↓3.53%) 2.08 (↓7.72%)

+Weighted_BOLD 46.17 (↓0.24%) 46.05
(↓0.19%)

4.01
(↓10.17%)

2.2 (↓4.43%) 2.04 (↓9.14%)

-
/+Weighted_BOLD

46.17 (↓0.24%) 46.1 (↓0.09%) 2.96
(↓33.63%)

1.78
(↓22.67%)

1.64
(↓27.25%)

Perception Test Default 45.3 45.11 6.21 3.02 1.59
BOLD 45.31 (↑0.03%) 45.16

(↑0.12%)
5.25
(↓15.42%)

2.98 (↓1.26%) 1.3 (↓18.44%)

+Weighted_BOLD 45.35 (↑0.12%) 45.25
(↑0.32%)

4.27
(↓31.19%)

2.65
(↓12.18%)

1.03
(↓34.92%)

-
/+Weighted_BOLD

45.15 (↓0.32%) 45.09
(↓0.03%)

3.48
(↓43.88%)

2.3 (↓24.02%) 0.78
(↓51.02%)

Video-MME Default 39.85 39.82 4.67 1.68 0.84
BOLD 40.04 (↑0.46%) 40.03

(↑0.53%)
3.84
(↓17.85%)

1.46
(↓13.42%)

0.69 (↓18.0%)

+Weighted_BOLD 39.89 (↑0.09%) 39.87
(↑0.15%)

3.7 (↓20.9%) 1.43
(↓14.96%)

0.58
(↓31.13%)

-
/+Weighted_BOLD

39.7 (↓0.37%) 39.71
(↓0.26%)

2.69
(↓42.53%)

1.42
(↓15.75%)

0.15
(↓81.72%)
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A.7. Qualitative Error Example

Table A.4: Comparison of BOLD and Weighted_BOLD bias mitigation approaches across
models and datasets for performance and bias monitoring metrics k = 1 (equal to the entire
dataset).

Model Dataset Configuration Performance Metrics Bias Monitoring Metrics
Accuracy F1_mean Recall_std F1_std JS_std

NExT-QA Default 44.79 40.85 23.83 15.86 16.09
BOLD 45.87 (↑2.4%) 42.16

(↑3.19%)
22.96
(↓3.63%)

15.49
(↓2.37%)

15.56
(↓3.29%)

+Weighted_BOLD 45.91 (↑2.51%) 42.2 (↑3.29%) 22.83
(↓4.19%)

15.51 (↓2.2%) 15.57
(↓3.23%)

-
/+Weighted_BOLD

47.53 (↑6.11%) 46.62
(↑14.1%)

13.25
(↓44.39%)

8.46
(↓46.68%)

11.78
(↓26.76%)

Video-LLaMA

STAR Default 36.52 31.86 24.1 15.44 15.29
BOLD 37.19 (↑1.82%) 33.02

(↑3.65%)
22.29 (↓7.5%) 14.55

(↓5.75%)
14.59
(↓4.58%)

+Weighted_BOLD 37.34 (↑2.24%) 33.5 (↑5.16%) 21.13
(↓12.3%)

14.05
(↓8.98%)

14.13
(↓7.55%)

-
/+Weighted_BOLD

38.72 (↑6.03%) 38.18
(↑19.85%)

10.0
(↓58.49%)

4.85 (↓68.6%) 8.53
(↓44.23%)

Perception Test Default 41.39 37.19 27.06 11.4 16.06
BOLD 41.89 (↑1.21%) 38.67

(↑3.98%)
24.04
(↓11.18%)

9.86
(↓13.52%)

14.45
(↓10.04%)

+Weighted_BOLD 42.08 (↑1.65%) 39.38
(↑5.89%)

21.8
(↓19.46%)

9.11
(↓20.03%)

12.93
(↓19.5%)

-
/+Weighted_BOLD

42.25 (↑2.07%) 41.53
(↑11.69%)

11.21
(↓58.59%)

4.76 (↓58.2%) 8.83
(↓45.01%)

Video-MME Default 32.05 28.15 20.62 12.52 13.75
BOLD 32.65 (↑1.89%) 29.13

(↑3.49%)
19.29
(↓6.44%)

12.03
(↓3.86%)

13.09
(↓4.82%)

+Weighted_BOLD 32.2 (↑0.47%) 28.97
(↑2.94%)

17.65
(↓14.38%)

11.7 (↓6.54%) 12.57
(↓8.56%)

-
/+Weighted_BOLD

32.92 (↑2.72%) 31.32
(↑11.27%)

12.6
(↓38.89%)

7.85
(↓37.25%)

10.36
(↓24.67%)

NExT-QA Default 49.95 49.81 16.31 3.27 5.4
BOLD 51.81 (↑3.72%) 51.71

(↑3.82%)
13.27
(↓18.63%)

2.67
(↓18.42%)

4.58
(↓15.18%)

+Weighted_BOLD 51.83 (↑3.76%) 51.77
(↑3.93%)

12.79
(↓21.58%)

2.5 (↓23.66%) 4.43
(↓17.81%)

-
/+Weighted_BOLD

52.94 (↑5.98%) 53.0 (↑6.41%) 8.49
(↓47.93%)

1.98
(↓39.48%)

3.02
(↓43.96%)

Video-LLaVA

STAR Default 34.77 31.83 24.99 6.82 5.78
BOLD 37.14 (↑6.81%) 35.65

(↑12.02%)
18.53
(↓25.84%)

5.01
(↓26.55%)

4.6 (↓20.38%)

+Weighted_BOLD 37.33 (↑7.37%) 35.98
(↑13.04%)

17.62
(↓29.49%)

4.83
(↓29.09%)

4.35
(↓24.73%)

-
/+Weighted_BOLD

38.56 (↑10.9%) 37.86
(↑18.96%)

11.35
(↓54.56%)

3.69
(↓45.92%)

2.91
(↓49.67%)

Perception Test Default 40.72 35.69 27.5 14.75 5.28
BOLD 41.62 (↑2.22%) 38.69 (↑8.4%) 21.75

(↓20.9%)
10.92
(↓25.97%)

3.79
(↓28.14%)

+Weighted_BOLD 41.95 (↑3.02%) 39.46
(↑10.58%)

19.73
(↓28.26%)

10.24
(↓30.53%)

3.41
(↓35.37%)

-
/+Weighted_BOLD

41.57 (↑2.09%) 41.11
(↑15.2%)

8.95
(↓67.47%)

4.3 (↓70.81%) 2.11
(↓59.94%)

Video-MME Default 34.3 30.99 24.09 8.06 4.79
BOLD 34.56 (↑0.76%) 32.63 (↑5.3%) 18.24

(↓24.28%)
6.08
(↓24.59%)

3.86
(↓19.41%)

+Weighted_BOLD 34.41 (↑0.32%) 32.78
(↑5.77%)

16.1
(↓33.17%)

5.89
(↓26.93%)

3.37
(↓29.69%)

-
/+Weighted_BOLD

34.22 (↓0.22%) 33.56
(↑8.31%)

9.8 (↓59.31%) 3.71 (↓54.0%) 1.84
(↓61.61%)

NExT-QA Default 63.91 63.88 2.15 1.32 1.99
BOLD 63.91 (↑0.0%) 63.88

(↑0.01%)
2.03 (↓5.45%) 1.18

(↓10.77%)
1.98 (↓0.66%)

+Weighted_BOLD 64.0 (↑0.15%) 63.98
(↑0.15%)

1.95 (↓9.2%) 1.24 (↓6.37%) 1.97 (↓0.96%)

-
/+Weighted_BOLD

64.07 (↑0.26%) 64.06
(↑0.29%)

0.84
(↓60.74%)

1.07
(↓18.78%)

2.08 (↑4.64%)

SeViLA

STAR Default 46.28 46.14 4.47 2.3 2.25
BOLD 46.25 (↓0.06%) 46.14

(↓0.01%)
4.05 (↓9.25%) 2.22 (↓3.75%) 2.06 (↓8.29%)

+Weighted_BOLD 46.15 (↓0.27%) 46.04
(↓0.22%)

4.01
(↓10.23%)

2.2 (↓4.52%) 2.05 (↓9.07%)

-
/+Weighted_BOLD

46.18 (↓0.21%) 46.1 (↓0.1%) 3.48
(↓22.16%)

2.04
(↓11.64%)

1.85
(↓17.64%)

Perception Test Default 45.3 45.11 6.21 3.02 1.59
BOLD 45.4 (↑0.23%) 45.25

(↑0.33%)
5.24
(↓15.53%)

3.04 (↑0.72%) 1.3 (↓18.45%)

+Weighted_BOLD 45.34 (↑0.09%) 45.24 (↑0.3%) 4.16
(↓33.06%)

2.62
(↓13.42%)

1.03
(↓34.99%)

-
/+Weighted_BOLD

45.22 (↓0.17%) 45.14
(↑0.08%)

3.85 (↓38.0%) 2.43
(↓19.68%)

0.9 (↓43.13%)

Video-MME Default 39.85 39.82 4.67 1.68 0.84
BOLD 40.0 (↑0.37%) 39.99

(↑0.44%)
3.81 (↓18.5%) 1.48 (↓11.8%) 0.66

(↓21.49%)
+Weighted_BOLD 39.81 (↓0.09%) 39.81

(↓0.02%)
3.57
(↓23.49%)

1.45
(↓13.53%)

0.53
(↓36.44%)

-
/+Weighted_BOLD

39.85 (↑0.0%) 39.85
(↑0.08%)

2.66
(↓43.14%)

1.47
(↓12.42%)

0.16
(↓80.65%)
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Table A.5: Example of question and answer modifications from the Video-MME benchmark.
The correct answer is highlighted in bold in the Default setting.
Modification Type Question Answers
Default How many national flags appear

in the video?
(a0) 3. (a1) 5. (a2) 2. (a3) 4.

Empty answers Default question (a0) – (a1) – (a2) – (a3) –
Answer shuffling Default question (a0) 4. (a1) 5. (a2) 2. (a3) 3.
Additional empty option Default question (a0) 3. (a1) 5. (a2) 2. (a3) 4. (a4)

–
Correct answer in each op-
tion

Default question (a0) 4. (a1) 4. (a2) 4. (a3) 4.

All identical answers (a0) Default question (a0) 3. (a1) 3. (a2) 3. (a3) 3.
All identical answers (a1) Default question (a0) 5. (a1) 5. (a2) 5. (a3) 5.
All identical answers (a2) Default question (a0) 2. (a1) 2. (a2) 2. (a3) 2.
All identical answers (a3) Default question (a0) 4. (a1) 4. (a2) 4. (a3) 4.
Correct answer in (a0) Default question (a0) 4. (a1) 5. (a2) 2. (a3) 3.
Correct answer in (a1) Default question (a0) 3. (a1) 4. (a2) 2. (a3) 5.
Correct answer in (a2) Default question (a0) 3. (a1) 5. (a2) 4. (a3) 2.
Correct answer in (a3) Default question (a0) 3. (a1) 5. (a2) 2. (a3) 4.
Correct answer (a0) with
shuffling

Default question (a0) 4. (a1) 5. (a2) 3. (a3) 2.

Correct answer (a1) with
shuffling

Default question (a0) 5. (a1) 4. (a2) 2. (a3) 3.

Correct answer (a2) with
shuffling

Default question (a0) 3. (a1) 2. (a2) 4. (a3) 5.

Correct answer (a3) with
shuffling

Default question (a0) 5. (a1) 3. (a2) 2. (a3) 4.

Rephrased question What is the total number of na-
tional flags that appear in the
video?

(a0) 3. (a1) 5. (a2) 2. (a3) 4.

Empty questions – (a0) 3. (a1) 5. (a2) 2. (a3) 4.
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A.7. Qualitative Error Example

Model Gen w/ Eval w/ text Eval w/ image Eval w/ both
yes/no both/one true/false Avg. yes/no both/one true/false Avg. yes/no both/one true/false Avg.

Bunny
text 0.97 0.99 0.84 0.93 0.73 0.88 0.66 0.76 0.99 0.96 0.93 0.96

image 0.72 0.86 0.55 0.71 0.75 0.90 0.74 0.80 0.85 0.89 0.80 0.85
both 0.94 0.98 0.80 0.91 0.77 0.92 0.74 0.81 0.98 0.96 0.94 0.96

GPT4o-M
text 0.91 0.98 0.92 0.94 0.70 0.88 0.62 0.73 0.96 0.95 0.93 0.94

image 0.75 0.91 0.71 0.79 0.91 0.95 0.85 0.90 0.86 0.94 0.83 0.87
both 0.90 0.97 0.86 0.91 0.73 0.87 0.67 0.76 0.93 0.94 0.87 0.91

InternVL2
text 0.80 0.36 0.86 0.67 0.86 0.17 0.94 0.66 0.90 0.32 0.95 0.72

image 0.65 0.34 0.71 0.57 0.98 0.39 0.99 0.78 0.88 0.42 0.95 0.75
both 0.85 0.35 0.85 0.68 0.96 0.25 0.99 0.73 0.94 0.40 0.98 0.77

MiniCPM
text 0.96 0.79 0.99 0.92 0.96 0.78 0.97 0.90 0.98 0.83 0.99 0.93

image 0.48 0.40 0.61 0.50 0.96 0.82 0.96 0.91 0.73 0.61 0.84 0.73
both 0.89 0.69 0.95 0.84 0.93 0.78 0.95 0.89 0.96 0.78 0.98 0.91

Phi-V
text 0.81 0.09 0.94 0.61 0.82 0.12 0.85 0.60 0.89 0.12 0.87 0.63

image 0.58 0.20 0.73 0.50 0.91 0.32 0.94 0.72 0.82 0.24 0.75 0.61
both 0.74 0.18 0.87 0.60 0.85 0.18 0.87 0.63 0.89 0.16 0.86 0.64

LLaVA1.5
text 0.76 0.99 0.98 0.91 0.66 1.00 0.95 0.87 0.50 0.98 0.97 0.82

image 0.40 0.89 0.74 0.68 0.75 1.00 0.98 0.91 0.33 0.92 0.83 0.69
both 0.64 0.99 0.94 0.86 0.65 1.00 0.95 0.87 0.42 0.98 0.94 0.78

LLaVA-1.6 (Llama)
text 0.69 0.99 0.51 0.73 0.48 1.00 0.24 0.57 0.71 0.99 0.52 0.74

image 0.42 0.93 0.33 0.56 0.72 0.99 0.36 0.69 0.54 0.96 0.40 0.64
both 0.65 0.98 0.43 0.68 0.58 0.99 0.29 0.62 0.71 0.99 0.50 0.73

LLaVA1.6 (Mistral)
text 0.89 0.65 0.89 0.81 0.88 0.78 0.90 0.85 0.95 0.71 0.95 0.87

image 0.59 0.37 0.59 0.52 0.89 0.74 0.93 0.86 0.79 0.55 0.81 0.72
both 0.82 0.57 0.84 0.74 0.90 0.76 0.93 0.86 0.93 0.67 0.93 0.84

LLaVA1.5 RLAIF
text 0.19 0.86 0.66 0.57 0.37 1.00 0.62 0.66 0.22 0.89 0.35 0.49

image 0.28 0.92 0.53 0.58 0.84 1.00 0.95 0.93 0.49 0.95 0.66 0.70
both 0.22 0.89 0.55 0.55 0.54 1.00 0.74 0.76 0.33 0.92 0.50 0.58

Table A.6: CAST self-consistency scores for the first three statements generated for each
modality configuration.

Table A.7: Telicity precision, recall, F1 score and accuracy results on RTS
Metric Value

Precision 0.76
Recall 0.74
F1 score 0.75
Accuracy 0.81
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Table A.8: Examples of template-based temporal questions and their LLM paraphrases.
Dataset Original sentence Llama2 paraphrase GPT-4 paraphrase

Assembly101-
QA

What happened before the
person attached the wheel?

What was the antecedent to
the wheel attachment?

Before the wheel was at-
tached, what event took
place?

Assembly101-
QA

What object did the person
attach the cabin to after at-
taching the step?

Following the attachment of
the step, what did the person
connect the cabin to?

Once the step was in place,
what did the person then se-
cure to the cabin?

STAR Which object did the person
close after they sat on the
bed?

When sitting on the bed,
what did the person make
sure to close or latch before-
hand?

Upon sitting on the bed,
what object did the person
close?

NExT-QA How does the man position
himself before hitting?

What stance or posture does
the man adopt before swing-
ing his bat?

What is theman’s posture be-
fore he makes a hit?

NExT-QA What did the girl do before
she blew out the candles?

What was the girl’s pre-
candle blowing activity?

Prior to blowing out the can-
dles, what did the girl engage
in?
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A.7. Qualitative Error Example
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A.7. Qualitative Error Example

Table A.13: Model configurations and references.
Model Vision Encoder Language Model Parameters

LLaVA-NeXT-Video-7B SigLIP-400M [144] Qwen 1.5 [7] 7B
MiniCPM-V-2_6 SigLIP-400M [144] Qwen2 [7] 7B
Qwen2-VL Qwen2-VL [129] Qwen2 [7] 7B
InternVL2 InternViT-300M-448px [20] internlm2_5-7b-chat [20] 8B
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Appendix B

Appendix to PIE-V: Rubric Details,
Agreement Tables, and Prompt Templates

This appendix provides supporting material for Chapter 5: (1) rubric wording and annotation
guidance, (2) agreement and statistics tables, and (3) prompt templates and concrete examples
used in PIE-V.

B.1 Procedural video datasets used throughout the thesis

In this section, we review the main procedural video datasets used throughout the thesis, both
with and without errors. Beyond a high-level comparison (Table B.1), we describe in more
detail the datasets that are central to this thesis: EgoPER, EgoOops, Assembly101, Captain-
Cook4D, and Ego-Exo4D keysteps. Ego-Exo4D keysteps provide clean, richly described
source procedures for PIE-V. EgoPER, EgoOops, Assembly101, and CaptainCook4D serve
as real-data references for mistake-aware procedural modeling. In Chapter 6, CaptainCook4D,
EgoPER, and EgoOops are used in the main unified PCMD evaluation, while Assembly101
is retained as an auxiliary transfer benchmark from the earlier HMM-based study.

Most procedural datasets were created primarily for tasks such as action recognition, ac-
tion segmentation, key step (sequence) extraction, object interaction, or pose estimation based
on visual data. Consequently, instead of a full description of the steps, the annotations may
take the form of action labels. This is typical of early datasets such as MECCANO [103], As-
sembly101 [111], ATA [41], and IndustREAL [107]. A shorter description of the procedure
step makes it harder to recognize errors based on semantic cues.

Among error-aware datasets and tasks, the error annotations are heterogeneous and frag-
mented. The first group of general error annotations treats mistakes purely at the level of
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B.1. Procedural video datasets used throughout the thesis

sequence validity, i.e., whether the overall execution follows the canonical procedure, without
localizing or typologizing individual erroneous steps. In CSV [101] each video of an experi-
ment is labeled as correct or incorrect with respect to the entire reference protocol. Keystep-
annotated parts of Ego-Exo4D [44] and ATA [41] focus on detecting whether an activity se-
quence adheres to the expected order, emphasizing structural deviations such as deletions and
transpositions. The second group extends step/action annotations with per-step binary correct-
ness labels. In HoloAssist [131], action segments are labeled as “correct” or “mistake”, and
conversational interventions are categorized (e.g., corrections, follow-ups), but the error label
itself does not distinguish between procedural and executional issues. Assembly101 [111]-
based benchmarks used in Ding et al. [26] attach a binary mistake flag to specific action seg-
ments, further distinguishing structural errors such as misordering or redundant steps, along
with incorrect attachment of parts. Notably, this benchmark also marks corrective steps (de-
taching incorrectly attached parts) with a special label.

A smaller number of datasets introduce explicit taxonomies of both structural and execu-
tion errors, often tied to a specific domain. EgoPER [61] defines five error types assigned at
the step level (omission, addition, modification, slip, correction). CaptainCook4D [96] pro-
vides a cooking-specific taxonomy (measurement, timing, temperature, technique, missing
and misordered steps). EgoOops [47] adopts another multiclass execution-error taxonomy
(incorrect-object-use, mispick, insufficient/excessive operation, wrong way of performing the
step, accidents, and correction). CaptainCook4D and EgoOops augment each erroneous seg-
ment with a natural-language explanation of the error aligned to the procedural text (EgoOops
additionally captures correction behavior in free-text explanations). Despite the richer label
space, each taxonomy is closely tailored to a particular dataset.

In summary, Chapter 5 uses Ego-Exo4D keysteps as clean source procedures for PIE-V
and uses EgoPER, EgoOops, Assembly101, and CaptainCook4D as real-data anchors; Chap-
ter 6 uses CaptainCook4D, EgoPER, and EgoOops in the main unified evaluation and retains
Assembly101 as an auxiliary benchmark for transfer and grounding analysis.

Assembly101. In the Assembly101 annotations, each step is represented by one action class
and two object classes that are being manipulated. There are only two actions: attach and
detach2. The full object vocabulary contains 64 parts, and some of them are semantically close
(for example, “roller arm”, “crane arm”, and “excavator arm” can all be seen as instances of
a more general “arm”).

The classes only record the action and the objects, so if an object is attached incorrectly
2In the original annotations there is a third rare verb class, “position”, which appears only together with the

object “figurine”. For the sake of simplicity it was merged into “attach”.
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(with a wrong orientation), this can be seen only from the error-type label “wrong orientation”.
To make the distinction clear at the text level, we converted class labels into full imperative
commands using templates, for example, “attach the step to the chassis in the wrong way”
versus the correct “attach the step to the chassis”. In the original annotations, there is also no
consistency between attaching part X to part Y and attaching part Y to part X. We normalized
such steps to a single canonical form. As a result, we obtain a vocabulary of 339 full step
descriptions.

Some toy variants may have only a single assembly in the whole dataset (e.g., c13c for
a single correct assembly and b04b for a single erroneous assembly). Since the toy subtypes
encoded by the last letter in the toy_id differ only slightly, we merge them into shared type
classes to obtain more stable HMM training.

Overall, the error annotations in Assembly101 do not fully match our taxonomy, because
the original annotations follow the logic of the assembly process rather than the logic of con-
formity to a reference procedure, as in our formulation. For example, from the assembly point
of view, detaching an incorrectly attached part can be a correct step, but from the point of
view of matching the canonical assembly, no detachment should be considered a correct step.
Similarly, re-attaching a part after an erroneous detachment may be labeled as a Correction,
but with respect to the reference procedure this step is simply correct. We therefore adjusted
the annotations to match our task definition. The changes make it impossible to compare our
model directly with other models that use Assembly101.

From the visual point of view, actions in Assembly101 are mirror-like: a detachment is the
reverse of an attachment of the same parts. The parts in the dataset are also visually specific:
they are sometimes small and visually similar to each other. In addition, the visual referent of
the same object can change as the assembly progresses. For example, in assembly c03f, at the
step “attach the arm connector to the chassis” the chassis has one appearance, while in the next
step, “attach the body to the chassis”, the term “chassis” refers to two already connected parts,
the arm connector and the chassis. Thus, to recognize a step correctly, video models must
not only capture the temporal dynamics of the action (which is a known weakness of many
current VLMs, especially open-source ones), but also discriminate well between the objects
involved in the step. In our experience, VLMs are not familiar with these parts, and the small
number of videos, given this visual variability, makes fine-tuning particularly difficult.

CaptainCook4D. A key property of the cooking domain is the need to follow precise quanti-
ties to execute a recipe successfully. However, for visual models it is hard to see the difference
between, say, “Add 1/3 tsp salt to the pan” (step_id: 178) and “Add 1/2 tsp salt to the pan”
(step_id: 146), and even for a human this is often unclear from a single video. The dataset
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B.1. Procedural video datasets used throughout the thesis

authors also note in Peddi et al. [96] that full recipe understanding is multimodal rather than
purely visual.

Even so, some dataset steps have very similar textual descriptions but different step IDs.
For example, “Take 1 tomato” (step_id: 149) versus “Take a tomato” (step_id: 247), or “Peel 1
garlic cloves” (step_id: 200) versus “Peel 1 garlic clove” (step_id: 14). Such steps are visually
indistinguishable. For each erroneous step, the modified textual description also provides the
correction. However, it is not consistent. For example, in recording 1_33, the first step “Coat
a 6-oz. ramekin cup with cooking spray” is labeled with the preparation error “Coating a
large bowl instead of 6-oz ramekin cup”, yet later steps are marked as correct and described
as “Microwave the ramekin cup uncovered on high for 30 seconds”, “Stir the ramekin cup”
and so on. In the video the same bowl appears in all steps. Such inconsistencies in the step
descriptions create discrepancies between the modalities.

Some steps also share almost the same temporal segment, but receive different textual
descriptions and different step IDs. These steps are easy to distinguish in text but almost
indistinguishable visually, adding further misalignment between the visual and textual modal-
ities.

To be able to compare the performance of the models in the original CaptainCook4D
paper with the performance of our model, we keep both the splits and the annotations exactly
as released by the authors.

Given that each dataset contains less than 400 videos, these numerous inconsistencies
contribute a substantial amount of noise. The small number of videos also makes it harder to
fit robust models, such as HMMs.

EgoPER. EgoPER [61] is an egocentric cooking dataset built around a small set of recur-
ring recipes (coffee, quesadilla, pinwheels, tea, oatmeal). It provides step-level timestamps
and a psychologically motivated taxonomy with five labels: two structural deviations (step
omission and step addition), two execution-level deviations (slip and modification), and cor-
rection. A distinctive aspect of EgoPER is that the annotations separate task-relevant steps
from background activity: some segments reflect incidental actions that are not part of the
core procedure (e.g., reading a script on a screen), and are marked explicitly as background
rather than being forced into the step taxonomy. This design is helpful for studying mistake
detection without conflating procedural steps with incidental context, but it also introduces a
dataset-specific notion of “non-essential” activity that needs to be handled explicitly by mod-
els.

In Chapter 5, EgoPER is used as one of the key references for what human-like mistakes
and corrections look like in real videos, and it informs our rubric-based evaluation of mistake
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realism and procedure-level coherence.

EgoOops. EgoOops [47] contains 5 tasks with 10 videos per task. While it was designed to
include both mistake-free executions and scripted mistake executions, in practice additional
small deviations also appear in the “correct” runs (e.g., extra grasping or redundant manipula-
tion), which makes the boundary between benign variation and mistake-like behavior particu-
larly salient.

EgoOops provides a multi-class taxonomy of deviations (including Correction) and aligns
each execution to a canonical script. However, for error segments the text often describes
the deviation from the canonical step rather than the exact action the person performed. For
example, instead of restating the full intended instruction, the annotationmay specifywhat was
wrong relative to the canonical step. This can be beneficial for supervised error recognition,
but it complicates purely text-basedmodeling: recovering the implied correct stepmay require
broader context and/or video grounding. Additionally, some steps are semantically dense and
contain multiple predicates (e.g., “pour ... then dip ... and squeeze ...”), which increases the
structural complexity of the instruction and the space of plausible errors.

In Chapter 5, EgoOops serves as a high-quality reference for visually plausible mistakes
and recovery, and motivates several rubric dimensions (e.g., human plausibility and video
plausibility) as well as the explicit modeling of corrections.

Ego-Exo4D keysteps. Ego-Exo4D [44] is a large-scale egocentric/exocentric dataset with
multiple benchmarks. For PIE-V (Chapter 5), we specifically rely on the keystep annotations
because they provide (i) step timestamps and (ii) natural-language step descriptions suitable
as inputs for controlled textual rewriting.

A practical property of the keystep annotations is that step structure can be hierarchical: a
step may be a leaf or a parent over finer-grained children, and some steps are explicitly marked
as non-essential (i.e., present in the video but not required for the canonical goal). In PIE-V
we use all available steps when constructing clean source procedures, because this reduces
the risk of deleting or transposing critical actions when injecting errors, and it preserves a
faithful “what happened” trace. We leave for future work a more aggressive setting that injects
mistakes only into essential keysteps.

B.2 Rubric: details and scales
This section summarizes the rubrics as they were used in the annotation UI. The metrics for
annotators are given in Table B.2, and the metrics propagated to LLM-as-a-judge are given in
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Table B.3.

B.3 Agreement and statistics tables
“YES Statistics” means metrics computed only on those events where a majority of annotators
agreed the deviation is a mistake (Error Validity = Yes). The results are shown in Tables B.5
(full) and 5.6 (YES).

B.4 Prompts and model identifiers
This section lists the key prompt templates used in PIE-V. For reproducibility, model identi-
fiers are included as used in code:

• Writer (OpenAI): gpt-5.2

• Writer (Qwen): Qwen/Qwen2.5-32B-Instruct

• Judge (OpenAI multimodal): gpt-5.2

• Judge (Qwen multimodal): Qwen/Qwen3-VL-32B-Instruct

B.4.1 Freeform baseline prompt (LLM-only, no simulator)
The freeform baseline prompt requests 1–3 mistakes without a plan and forces strict JSON
output.

1 ### ROLE : Procedure Editor for ’{ scenario } ’

2 You will receive a step - by - step p r o c e d u r e .

3 Your task is to produce an edited final procedure that contains 1 to 3

pla u sib le human mistakes .

4 You may also add 0 to 2 explicit c o r r e c t i o n steps .

5

6 ### ERROR TYPES ( HIGH - LEVEL )

7 - w r o n g _ e x e c u t i o n ( mod = ’ we ’) : Keep the same general goal , but execute it

slightly wrong ...

8 - s u b s t i t u t i o n ( mod = ’s ’) : Replace the step with a different plausible

action caused by confusion ...

9 - in ser t ion ( mod = ’i ’) : Insert one extra plausible step ( u n n e c e s s a r y

repetition , extra cleaning , checking , etc .) .

10 - deletion : Remove the step c o m p l e t e l y ( do not mention it was skipped ) .

Add it to ’ del ’.

158



Appendix B. Appendix to PIE-V: Rubric Details, Agreement Tables, and Prompt Templates

11 - t r a n s p o s i t i o n : Swap two steps .

12

13 ### HARD C O N S T R A I N T S

14 1) VERBATIM P R E S E R V A T I O N : Keep most steps unchanged unless directly

edited .

15 2) I M P E R A T I V E STYLE : Use direct i m p e r a t i v e commands . No story .

16 3) SOURCE INDEX RANGE : Every meta s o u r c e _ i d x MUST be a valid original

index .

17 4) PHYSICAL P L A U S I B I L I T Y : Do not use objects before they appear earlier

in the procedure .

18 5) METADATA ALIGNMENT : ’ final_steps ’ and ’ meta ’ must have the exact same

length .

19 ...

20 ### OUTPUT FORMAT ( STRICT JSON ONLY )

21 - f i n a l _ s t e p s : list [ str ]

22 - meta : list [ list ] , one per final step : [ source_idx , mod , error_id ,

c o r r e c t i o n _ i d ]

23 - del : list [ list ] for deleted steps : [ source_idx , error_id ]

24 Return ONLY a single JSON object . No markdown . No extra text .

B.4.2 PIE-V writer prompt (plan-conditioned)

1 SYSTEM :

2 You are a careful procedure editor . You will rewrite a step - by - step

pro cedure

3 acco r di ng to an explicit ERROR - C O R R E C T I O N PLAN . You must :

4 - follow the plan exactly ( error types , locations , c o r r e c t i o n s ) ,

5 - preserve coherence and physical plausibility ,

6 - keep most unchanged steps verbatim ,

7 - pr o pagate cascade edits when an earlier change affects later r e f e r e n c e s

.

8

9 You will be given :

10 (1) Original steps with indices

11 (2) Error events : type , target step , severity , semantic role edits ( when

a p p l i c a b l e )

12 (3) C o r r e c t i o n events : when to correct and how ( redo / s t o p _ a n d _ f i x /

r o l l b a c k _ a n d _ r e d o )

13

14 OUTPUT :

15 Return the final procedure as a JSON list of strings , in order .

16 Include c o r r e c t i o n steps as explicit i m p e r a t i v e steps .
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B.4.3 PIE-V judge prompt (coherence + plan compliance; optional mul-
timodal)

1 SYSTEM :

2 You are a strict validator of a r e w r i t t e n p r ocedure c o n t a i n i n g planned

mistakes .

3 Check :

4 - plan c o m p l i a n c e ( error type and p l a c e m e n t ) ,

5 - physical plausibility ,

6 - logical coherence of the whole procedure ,

7 - whether c o r r e c t i o n s truly repair the mistake .

8

9 If the p rocedure fails , return a revised c o r rected version that still

follows the plan .

10 If an image is provided ( mid - step frame ) , ensure the step text remains

c o m p a t i b l e with it .

B.5 Video synthesis: physically grounded prompts and
stitching settings

This section shows excerpts from the Kling video generation scripts demonstrating: (i) phys-
ically grounded prompts (hands, objects, spatial relations), (ii) state-matching between clips
using the last frame of clip A as the first frame of clip B, (iii) slightly longer crossfade for the
critical error→correction boundary.

B.5.1 Coffee example prompts (A: spill, B: wipe and redo)

1 # Clip A : wrong execution ( spill )

2 prompt_a = ( ‘ ‘ ‘ ‘ ‘ ‘

3 E g o c e n t r i c head - mounted POV , wide - angle fisheye with strong vignette .

4 Same kitchen c o u n t e r t o p scene .

5 Continue naturally from the first frame .

6 The small cup with milk is on the c o u n t e r t o p in front of you .

7 Action : start pouring coffee into the cup , but make a realistic

mistake : tilt the coffee container slightly too fast so the stream

briefly misses the cup and spills a SMALL amount of coffee onto the

c o u n t e r t o p right next to the cup ( make a small puddle or splash ) .

8 Some coffee should still go into the cup . Then stop the spill and set

the coffee container down .
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9 Keep the spill visible on the c o u n t e r t o p .

10 Realistic liquid behavior , no teleporting , no sudden camera jumps .

11 Do NOT introduce new objects , do not rearrange the countertop ,

preserve lighting and existing items .

12 No text overlays .

13 ’ ’ ’ ’ ’ ’

14 )

15

16 # Clip B : c o r r e c t i o n ( wipe and redo ) ― starts from end of A

17 prompt_b = ( ‘ ‘ ‘ ‘ ‘ ‘

18 E g o c e n t r i c head - mounted POV , wide - angle fisheye with strong vignette .

19 Same countertop , continue i m m e d i a t e l y from the first frame : there is

a small coffee spill next to the cup .

20 Action : put the coffee c o n t a i n e r down if it is in hand .

21 Grab the YELLOW cloth / towel that is already on the c o u n t e r t o p to the

right , wipe the small coffee puddle with a few realistic strokes until

the surface looks mostly clean / dry .

22 Then pick up the coffee c o n t a i n e r again and carefully finish pouring

coffee into the cup with milk , without any further spilling .

23 Maintain c o n s i s t e n t objects and placements , realistic motion , no cuts

.

24 Do NOT introduce new objects , do not change the scene , preserve

lighting .

25 No text overlays .

26 ’ ’ ’ ’ ’ ’

27 )

B.5.2 Stitching settings (state match + crossfade)

1 # State matching :

2 # mid_b64 = last frame of clip A

3 # f i r s t _ f r a m e for clip B is set to mid_b64

4

5 # C r o ssfade tuning :

6 # x f a d e _ d u r a t i o n _ o t h e r = 0.25 s

7 # x f a d e _ d u r a t i o n _ a b (A - > B critical boundary ) = 0.35 s

8

9 # Quality depends on f e a t u r e _ r e f :

10 # p r o viding a feature refere n c e video improves clip fidelity .
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Table B.1: Procedural video datasets. #Steps refers to the number of distinct action/step
classes when reported; otherwise it is left as “–”. For Step annotations, step refers to natural
step descriptions, while action label refers to verb + object(s) phrases. Timestampsmark either
time or frame stamps.

Dataset #Videos Duration [h] #Tasks #Steps Domains Step annotations Mistakes Source

HOWTO100M [82] ∼1.2M > 100k 23k – various, incl.
cooking

ASR narrations × YouTube

YouCook2 [156] 2,000 176 89 – cooking steps + times-
tamps

× YouTube

COIN [117] 11,827 476 180 46,354 various, incl. re-
pair

steps + times-
tamps

× YouTube

CrossTask [157] ∼4.7k ∼374 83 – various, incl.
cooking

weakly aligned
steps

× YouTube

MECCANO [103] 32 – 1 – toy assembly action labels +
timestamps

× controlled lab

EPIC-KITCHENS-
100 [25]

∼700 100 – > 90k cooking, kitchen
activities

action labels +
timestamps

× participant
recordings

50 Salads [80] 50 ∼6.4 1 17 cooking action labels × controlled lab
Breakfast [55] 77 77 10 48 cooking action labels × semi-controlled

participant
recordings

IKEA ASM [12] 371 ∼35 4 33 assembly action labels +
timestamps

× controlled lab

EgoProceL [11] 329 62 16 139 various, incl.
cooking, assem-
bly

steps + times-
tamps

× semi-controlled
participant
recordings

HoloAssist [131] 350 166 20 414 AR-assisted ma-
nipulations, incl.
assembly

summary, conver-
sations, steps +
timestamps

✓ controlled lab

Assembly101 [111] 362 167 101 202 toy assembly action labels +
timestamps

✓ controlled lab

CaptainCook4D [96] 384 94.5 24 352 cooking steps + times-
tamps

✓ participant
recordings

EgoOops [47] 50 6.8 5 46 lab-style ex-
periments and
controlled assem-
bly tasks

step + timestamp ✓ controlled lab

Ego-Exo4D
(keysteps) [44]

852 30 17 186 various, incl.
cooking, repair

step + timestamp ✓1 participant
recordings

EgoPER [61] 396 28 5 70 cooking step + timestamp ✓ participant
recordings

ATA [41] 141 24.8 3 15 toy assembly action labels ✓ controlled lab
EPIC-Tent [50] 24 > 5.4 1 38 assembly action labels +

timestamps
✓ participant

recordings
BRIO-TA [85] 75 2.9 1 23 toy assembly action labels +

timestamps
✓ controlled lab

CSV [101] 70 11.1 14 106 chemical experi-
ments

action labels ✓ controlled lab

IndustReal [107] 84 5.8 2 75 toy assembly steps + times-
tamps

✓ Industrial-like lab
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Table B.2: Rubric dimensions used for dataset assessment (human-facing criteria).
Metric Values Annotator instructions (short) Idea / analogues

Human Plausibility Likert 1–5 “Imagine a real person following this
instruction and making this mistake. How
plausible is it that someone would make
exactly this mistake in this situation?” 1 –
not plausible at all; 5 – very plausible.

Measures how human-like the error is in
context (text + video). Likert scales are
standard for perceived quality / naturalness
in NLG eval [4, 59].

Taxonomy Fit (Error
Type)

∈ {Deletion,
Insertion,
Substitution,
Transposition,
Wrong execution}

“Based on the step and its context, which
label best describes how this step is wrong?”
Deletion = missing required step; Insertion =
unnecessary extra step; Substitution =
replaced by different step; Transposition =
wrong order; Wrong execution = wrong
local parameters.

Assigns each error to a structured edit-based
taxonomy to compare distributions across
datasets. Related to error taxonomies used in
current datasets and the survey [6].

Confusability /
Difficulty to Notice

Likert 1–5 (higher
= harder)

“Imagine you are performing this task,
following the instruction. How easy would it
be to overlook this mistake?” 1 – very easy
to notice; 5 – very easy to miss (very subtle).

Proxy for detectability / severity.
Conceptually related to detection in FMEA
and to detectability notions in Signal
Detection Theory.

Procedure Logic y ∈ {Y es,No};
confidence
q ∈ {1, 2, 3}

“Considering only the text, does this mistake
make the sequence logically inconsistent
(missing preconditions, impossible goals,
impossible object changes), while the
execution continues? Answer Yes/No and
rate confidence (1–3).”

Captures global textual inconsistency
(text-only). Related to plan/sequence
coherence checks and ordering-constraint
violations in procedural reasoning.

Sequence Consistency
Score

Likert 1–5 (higher
= more consistent)

“Consider text-only procedure. To what
extent does each step appear when its natural
prerequisites are satisfied?” 1 = many steps
too early/late; 3 = mixed; 5 = coherent order
(allow harmless permutations).

Global ordering coherence beyond strict
logical breakage; connects to temporal
coherence and ordering constraints in
procedural reasoning
[18, 26, 31, 60, 110, 119].

State-Change
Coherence (Human
Gold)

x ∈ {Y es,No} If Procedure Logic is YES, check whether
the implied world state becomes inconsistent
at any point (objects appear/disappear,
containers change without action,
impossible preconditions, etc.). If Procedure
Logic is NO, then always NO.

[45, 145].

Video Plausibility Likert 1–5 “Ignoring the text, focus only on the video.
Does the mistaken action look like
something a real person might naturally do?”
1 – staged/unnatural; 5 – very natural.

Distinguishes staged vs natural mistakes;
relates to realism/naturalness criteria in
text-to-video evaluation [68, 145].

Text–Video Grounding
Consistency
(episode-level)

Likert 1–5 “Consider the whole video segment and its
textual procedure (including the mistake and
subsequent steps). How well does the text
match what you see?” 1 – persistent
mismatch; 5 – very well aligned.

Episode-level text–video alignment, aligned
with human protocols in text-to-video
evaluation [45, 145].
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Metric Values Annotator / model instruc-
tions (short)

Idea / analogues

State-Change
Coherence
(LLM approx)

Integer #vi-
olations /
score

For each adjacent step
pair (N,N+1), prompt an
LLM to summarize state
after N and judge whether
N+1 follows logically;
calibrate against human
state-coherence labels on
a subset. Conceptually
related to contradiction/co-
herence checks and state
tracking, and to validating
automatic QA-style metrics
against human judgments.

Scalable proxy for state co-
herence; LLM-as-judge in-
spired by NLI-style consis-
tency checks and automatic
QA evaluation paradigms.

LLM-based
Plausibility /
Cognitive Cause

Plausibility
1–5; cause ∈
{slip, lapse,
rule-based,
knowledge-
based,
other}

Prompt LLM with proce-
dure + mistake: (1) rate
plausibility; (2) classify cog-
nitive error type per Rea-
son/Norman taxonomy with
a short explanation; aggre-
gate distributions.

LLM-assisted extrapolation
grounded in classic human
error taxonomies [88, 105].

Text–Video
Grounding
(VLM approx)

[0, 1] align-
ment score

Use a VLM to answer fine-
grained questions about
whether actions/objects in
text appear in the video
(ETVA-style QA); validate
against human grounding
scores.

Automatic text–video align-
ment proxies in QA-based
evaluation [45, 145].

Table B.3: Additional metrics and scalable approximations used to complement the human
rubric.

Dataset Err.Valid Human Pl. Confus. Proc.Logic Seq.Cons. State-Chg Taxonomy Fit Vid.Pl. T–V Gr.

EgoPER 0.912 0.541 0.368 0.728 0.628 0.579 0.759 0.574 0.662
EgoOops 0.916 0.592 0.375 0.836 0.667 0.600 0.882 0.579 0.560
Assembly101 0.859 0.584 0.697 0.739 0.649 1.000 0.931 0.670 0.861
CaptainCook4D 0.694 0.758 0.847 0.621 0.542 0.584 0.791 0.550 0.488
Ego-Exo4D-Qwen (freeform) 0.568 0.539 0.417 0.579 0.543 0.643 0.820 – –
Ego-Exo4D-GPT-5.2 (freeform) 0.701 0.424 0.341 0.593 0.652 0.547 0.752 – –
Ego-Exo4D-Qwen-PJ (PIE-V+Qwen2.5, Qwen3-VL-judged) 0.958 0.483 0.358 0.631 0.706 0.601 0.905 – –
Ego-Exo4D-GPT-5.2-PJ (PIE-V+GPT, judged) 0.913 0.489 0.387 0.672 0.619 0.696 0.803 0.630 0.930

Table B.4: Krippendorff’s α agreement summary. “–” indicates values are unavailable.
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Dataset Err.Valid (Yes/No) Human Pl. Confus. Proc.Logic (Yes/No) Proc.Logic Conf. Seq.Cons. State-Chg (Yes/No) Vid.Pl. T–V Gr.

EgoPER Yes (51%), No (49%) 2.67 1.88 Yes (26%), No (74%) 2.74 4.41 Yes (14%), No (86%) 3.22 3.42
EgoOops Yes (72%), No (28%) 3.73 1.63 Yes (28%), No (72%) 2.68 4.50 Yes (10%), No (90%) 4.31 3.74
Assembly101 Yes (65%), No (35%) 3.69 2.09 Yes (12%), No (88%) 2.78 4.82 Yes (4%), No (96%) 4.05 3.22
CaptainCook4D Yes (74%), No (26%) 3.71 2.32 Yes (12%), No (88%) 2.73 4.73 Yes (2%), No (98%) 3.42 3.63
Ego-Exo4D-Qwen (freeform) Yes (57%), No (43%) 3.22 2.02 Yes (36%), No (64%) 2.63 4.20 Yes (27%), No (73%) – –
Ego-Exo4D-GPT-5.2 (freeform) Yes (83%), No (17%) 3.69 2.02 Yes (25%), No (75%) 2.85 4.81 Yes (7%), No (93%) – –
Ego-Exo4D-Qwen-PJ (PIE-V+Qwen2.5, Qwen3-VL-judged) Yes (71%), No (29%) 3.17 1.41 Yes (30%), No (70%) 2.82 4.48 Yes (10%), No (90%) – –
Ego-Exo4D-GPT-5.2-PJ (PIE-V+GPT, judged) Yes (89%), No (11%) 3.83 1.82 Yes (6%), No (94%) 2.91 4.91 Yes (3%), No (97%) 3.95 4.76

Table B.5: Aggregate statistics table. “Proc.Logic Yes” denotes the fraction of procedures
judged logically broken (lower is better). Proc.Logic Conf. is reported only when Proc.Logic
= Yes.
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Appendix C

Appendix to CHRONOFIX: Semantic
Representations, Hyperparameters,
Configurations, and Grounding Details

C.1 Semantic representation construction

Table C.2 summarizes the core prompt design and output schema for SRL.

C.2 HMM Hyperparameters

The full list of HMM hyperparameters at all stages and for all modalities, with explanations,
is given in Table C.3.

C.3 Reported configurations

This section lists the encoder and HMM settings behind the highest-scoring configurations re-
ported in the main paper. We separate four cases: (1) the family-level leaderboard in Table 6.1,
(2) the representation comparison in Table 6.2, (3) the search for one shared grounded con-
figuration across all three datasets, and (4) the sensitivity of that shared choice to benchmark-
specific selection metrics. Unless noted otherwise, each row corresponds to one complete run
selected by the criterion stated in the main paper, and all reported settings are taken from that
same run.
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C.3.1 Family-level leaderboard configurations
Table C.4 lists the configurations for the family-level leaderboard in Table 6.1. Because each
family is selected independently by Any-F1, the encoder, dimensionality, normalization, emis-
sion type, and alignment mode may differ across rows.

C.3.2 Representation comparison configurations
Table C.5 lists configurations corresponding to the values reported in Table 6.2. For each
dataset/source/representation cell, we identify a run in the aggregated results file that repro-
duces the printed Any-F1 value up to the rounding used in the main paper. When multiple
runs match the same rounded value, we report one representative match.
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Dataset Type ID Step description SRL representation

CC4D
modified 20 Microwave the plate,

covered, on high for 5
minutes instead of 1.5
minutes

MICROWAVE(Agent: you, Object:
plate(State: covered), Setting: high,
Duration: minute(Quantity: 5), Manner:
INSTEAD_OF(Duration: minute(Quantity:
1.5)))

modified 28 Measure 1/8 teaspoon
of salt using dirty
measuring spoon and
add it to the mug

ADD(Agent: you, Object:
salt(Measurement: teaspoon(Quantity:
1/8)), Destination: mug, Instrument:
dirty(measuring_spoon), Manner:
after(MEASURE(Agent: you, Object:
salt(Measurement: teaspoon(Quantity:
1/8)), Instrument:
dirty(measuring_spoon))))

canonical54 Put all the Vegetables in
a microwave-safe bowl

PUT(Agent: you, Object:
vegetables(Quantity: all), Destination:
bowl(Property: microwave_safe))

EgoOops canonical211 Put chopsticks through
the cutout in the lid to
widen the hole.

PUT(Agent: you, Object: chopsticks,
Path: through(cutout(Location:
in(lid))), Purpose: WIDEN(Agent: you,
Object: hole))

modified 10 Pour about 15mL of
water into a cup, dip the
tip of a red highlighter
in the water and squeeze
out a drop. Knock over
an empty cup.

POUR(Agent: you, Object:
water(Measurement: ml(Quantity: 15,
Approx: about)), Destination:
into(cup)); DIP(Agent: you, Object:
tip(of(red_highlighter)), Destination:
in(water(Location: in(cup))));
SQUEEZE_OUT(Agent: you, Object: drop);
KNOCK_OVER(Agent: you, Object:
empty_cup)

EgoPER
canonical57 Put banana slices on

tortilla
PUT(Agent: you, Object: banana_slices,
Destination: on(tortilla))

canonical37 Microwave for X
seconds

MICROWAVE(Agent: you, Temporal:
for(second(Quantity: x)))

canonical18 Drop tea bag DROP(Agent: you, Object: tea_bag)

Table C.1: Representative SRL examples from the three benchmarks. We include both canon-
ical and modified step descriptions to show how the representation handles quantities, instru-
ments, destinations, purposes, and multi-event modified steps. CC4D is CaptainCook4D.
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Component Content
System instruction You are a linguistic semantic analyzer. For each procedural step description,

generate the semantic representation in roles.
Prompt guidance Predicates are uppercase. Concrete manipulated entities are usu-

ally encoded under Object. Agent: you is used unless another
agent is explicitly specified. Entity names are normalized as lower-
case_with_underscores. Nested structures are allowed when needed, e.g.,
tip(of(red_highlighter)) or water(Location: in(cup)). The prompt
also gives typical role names such as Object, Coobject, Destination,
Location, Instrument, Manner, Purpose, Temporal, Origin, and Result.

Selected few-shot
examples

INSERT(Agent: you, Object: test_swab, Destination:
into(nostril(of(her))));
ADD(Agent: you, Object: coffee_grounds, Origin: bowl, Destination:
filter(Location: in(french_press)));
ADD(Agent: you, Object: cut(onions), Coobject: egg(Location:
in(mixing_bowl)));
TOP(Agent: you, Object: cup, Coobject: with(salsa(Measurement:
tablespoon(Quantity: 1))));
POUR(Agent: you, Object: egg(Quantity: 1), Destination:
into(ramekin_cup)).

Output schema Strict JSON with one item per step, containing the fields id,
step_description, and semantic_representation.

Post-processing Manual edits were sparse and limited to targeted corrections of role assign-
ment, attachment, and lexical normalization.

Covered vocabular-
ies

Benchmark descriptions from correct videos, modified descriptions for er-
roneous steps, and VLM-predicted descriptions not already covered by the
first two vocabularies.

Table C.2: Core design of the prompt and schema used to generate SRL representations.
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C.3. Reported configurations

Dataset Family Encoder d Norm Emission Temp Align

EgoOops

Vision V-JEPA 1024 L2 Gaussian – NW
Raw text CLIP 128 none cosine 6 NW
SRL CLIP 128 none cosine 12 difflib
Qwen Instructor-XL 64 L2 Gaussian – difflib
Qwen + SRL Instructor-XL 64 none cosine – difflib
Gemini all-MPNet 768 L2 Gaussian – difflib
Gemini + SRL Instructor-XL 64 none cosine – difflib

EgoPER

Vision VideoMAE-v2 128 L2 cosine 6 difflib
Raw text CLIP 256 none Gaussian – difflib
SRL RoBERTa-SimCSE 256 L2 Gaussian – NW
Qwen CLIP 256 L2 Gaussian – NW
Qwen + SRL RoBERTa-SimCSE 256 none Gaussian – NW
Gemini CLIP 256 L2 Gaussian – NW
Gemini + SRL RoBERTa-SimCSE 128 L2 Gaussian – NW

CaptainCook4D

Vision VideoMAE-v2 768 none cosine 6 difflib
Raw text RoBERTa-SimCSE 256 none cosine 10 NW
SRL RoBERTa-SimCSE 256 none cosine 10 difflib
Qwen all-MiniLM 256 L2 cosine 12 difflib
Qwen + SRL RoBERTa-SimCSE 256 L2 cosine 10 difflib
Gemini RoBERTa-SimCSE 128 none cosine 12 difflib
Gemini + SRL RoBERTa-SimCSE 256 none cosine 10 difflib

Table C.4: Configurations for the family-level leaderboard in Table 6.1. Each row lists the
configuration attaining the highest Any-F1 within that representation family.
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Dataset Src. Repr. Encoder draw d Norm Emiss. Temp Align

EgoOops

Benchmark
Raw OpenAI 256 256 L2 cosine 8 NW
SRL all-MPNet – 128 L2 cosine 8 NW
Act.+Obj. OpenAI 256 256 L2 cosine 12 NW

Qwen
grounding

Raw Instructor-XL – 128 L2 cosine 8 NW
SRL Instructor-XL – 128 L2 cosine 8 NW
Act.+Obj. OpenAI 256 256 L2 Gauss. – difflib

Gemini
grounding

Raw Instructor-XL – 128 L2 cosine 8 NW
SRL Instructor-XL – 128 L2 cosine 8 NW
Act.+Obj. OpenAI 64 64 L2 Gauss. – difflib

EgoPER

Benchmark
Raw OpenAI 768 768 L2 Gauss. – difflib
SRL OpenAI 768 768 L2 Gauss. – NW
Act.+Obj. OpenAI 128 128 none Gauss. – NW

Qwen
grounding

Raw RoBERTa-SimCSE – 128 L2 Gauss. – NW
SRL RoBERTa-SimCSE – 128 L2 Gauss. – NW
Act.+Obj. OpenAI 64 64 L2 Gauss. – NW

Gemini
grounding

Raw RoBERTa-SimCSE – 128 none Gauss. – difflib
SRL RoBERTa-SimCSE – 128 L2 Gauss. – NW
Act.+Obj. OpenAI 64 64 L2 Gauss. – NW

CC4D

Benchmark
Raw RoBERTa-SimCSE – 64 none cosine 8 NW
SRL OpenAI 128 128 L2 cosine 8 difflib
Act.+Obj. OpenAI 768 128 L2 cosine 12 difflib

Qwen
grounding

Raw RoBERTa-SimCSE – 128 L2 cosine 10 difflib
SRL RoBERTa-SimCSE – 256 L2 cosine 10 difflib
Act.+Obj. OpenAI 64 64 L2 cosine 6 difflib

Gemini
grounding

Raw RoBERTa-SimCSE – 256 L2 cosine 10 difflib
SRL RoBERTa-SimCSE – 256 L2 cosine 10 difflib
Act.+Obj. OpenAI 128 64 none cosine 12 NW

Table C.5: Representative configurations corresponding to the Any-F1 values reported in Ta-
ble 6.2. Each row reproduces the printed value for that dataset/source/representation cell up
to the rounding used in the main paper. CC4D denotes CaptainCook4D.

Method Acc P R F1 AUC
ImageBind V3 (V,A,T), Split R [96] 64.08 44.15 58.01 50.13 58.35
Ours (best grounded) 66.15 57.97 70.80 63.75 75.48
Ours (shared config) 65.78 58.25 65.63 61.72 74.55

Table C.6: Contextual comparison to the Split R V,A,T baseline from the original Captain-
Cook4D paper.
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C.4. Additional qualitative examples

Dataset Reference step Observed / grounded
variant

Why SRL helps

CC4D

Place the egg from the cup
over the lettuce

Place the egg from the cup
under the lettuce

Makes the relation contrast
explicit: over vs. under.

Invert the mug to release
the cake onto a plate

Invert the mug to release
the cake onto a bowl
Invert the mug to release the
cake onto an unclean plate

Isolates destination and
destination-property
changes while preserving
the same event structure.

Invert the mug to release
the cake onto a plate

Use a spoon to invert the
mug to release the cake
onto a plate

Preserves the added
instrumental subevent as
nested structure.

Measure and add 1.5 tbsp
sugar to the mixing bowl

Qwen: Measure and add 1.5
tbsp brown sugar to the
mixing bowl

Preserves the MEASURE &
ADD structure and highlights
the ingredient mismatch.

EgoOops Put three zinc plates on the
center column of the
microplate using the pair of
tweezers

Qwen: Put three copper
plates on the left column of
the microplate using the
pair of tweezers

Makes both material and
location drift explicit.

Table C.7: Qualitative examples where SRL is more informative than raw grounded text alone.
The main benefit comes from making relation, destination, property, material, and nested
action structure explicit. CC4D denotes CaptainCook4D.

C.4 Additional qualitative examples
This appendix illustrates the qualitative patterns behind the main quantitative results. We
focus on three questions: when SRL helps over raw grounded text, what the action–object
abstraction preserves and loses, and how the unified edit-based taxonomy applies across het-
erogeneous benchmarks.

C.4.1 When SRL helps

Table C.7 shows cases where SRL is more informative than raw grounded text alone. SRL is
most useful when the mistake lies in a relation, destination, material, or nested event structure,
or when a VLM drifts lexically while still producing a nearby step description.

C.4.2 What action–object preserves and loses

Table C.8 shows what the action–object abstraction preserves and what it weakens. Our
action–object representation retains the main action together with all visually involved ob-
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Effect Dataset Reference step Contrasting step What action–object
captures or loses

Preserves EgoPER Use knife to scoop jelly Use spoon to scoop jelly Preserves the tool
distinction because tools
remain in the object set.

CC4D Sprinkle 1 tablespoon
of cheese on cup

Pour 1 tablespoon of
cheese on cup

Preserves the predicate
change.

Weakens

CC4D Microwave just until
cheese melts, about 10
seconds

Microwave for 30
seconds

Loses duration and
completion-condition
information.

CC4D Top cup with 1
tablespoon of salsa

Top cup with 1/2
tablespoon of salsa

Loses scalar quantity
information.

EgoPER Slowly pour the rest of
water in circular motion

– Loses manner
information.

CC4D Replace the top of the
English muffin

Flip over the top muffin
and replace it on top

Weakens multi-action
structure.

Table C.8: Qualitative examples of what the action–object abstraction preserves and what it
weakens. It remains informative for predicate and tool changes, but loses detail when the mis-
take depends on duration, scalar quantity, manner, or multi-action structure. CC4D denotes
CaptainCook4D.

jects, not only the semantic patient. Tools and contacted objects are therefore preserved, which
makes the representation useful for some mistakes but too coarse for others.

C.5 Action and Object Superstructure Details
To enrich the CaptainCook4D dataset, we generated a new set of dense annotations focused
on action and object labels for each procedural video step. These annotations capture both
the primary activity and the full set of relevant entities involved.
Action Label Generation. The action label represents the core activity of a step. It was
primarily derived by isolating the main verb from the step description.

• Standard Case: The action is directly the main verb (e.g., from “Peel 1medium onion,”
the action is “peel”).

• Edge Case Handling: To ensure semantic consistency and better reflect the visual
reality of the video, we manually refined labels for steps where the main verb did not
accurately represent the performed activity. For instance, for the description: “Let the
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noodles sit for about 1 minute after the microwave stops,” the action was labeled “wait,”
as this is the most representative and generalizable temporal action in this context.

Object Label Generation The object label is a comprehensive list of all entities (both ingre-
dients and tools) that are either explicitly mentioned or actively involved in the execution of
the step.

• Parsing and Extension: We first parsed the explicitly involved objects from the step
description. Then we extended this initial list to include necessary tools that are com-
monly used to execute the action, even if they were not explicitly mentioned in the text
but were visually present and crucial to the step’s execution.

• Example: For the step description “Chop 1 garlic clove on a cutting board,” the re-
sulting object labels are “garlic clove”, “cutting board”, and “knife”. The object
“knife” is included because it is the most visible and essential tool for ‘chop’.

The labeling strategy for the Assembly101 dataset is tailored to its simpler, primarily
manipulative task structure, where procedural steps focus on assembling toy parts. Since the
procedural steps are dominated by a limited set of binary actions “attach” and “detach” and for
the correct procedure videos only the “attach” action is relevant, the action label is redundant
to distinguish between steps. Consequently, we do not use the action label for this dataset.

The object labels for Assembly101 are directly derived from the components mentioned
in the step description. We extended this to track the state change of objects on the workspace.

• Direct Parsing: The primary objects involved in the manipulation were extracted di-
rectly from the step descriptions (e.g., from “attach the wheel to the chassis,” the objects
are “wheel” and “chassis”).

• Complementary Objects (Workspace State): Since all toy parts begin scattered on a
table and disappear as they are assembled, we created a list of complementary objects
for each step. This list represents the full set of component parts that are still visible and
available on the table at the beginning of the step. This provides a crucial visual context
regarding the current state of the assembly and the components yet to be used. These
toy parts remain highly visible across frames, in contrast to assembly components that
are often occluded by hands.

In our experiments with VLMs, we observe that many recognition errors do not stem
from failures in visual perception or object discrimination, but rather from the highly domain-
specific nature of toy components. As a result, models often identify the object visually yet
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fail to assign the correct canonical name. For example, GPT-5 describes one component as
a “black-and-yellow attachment piece…resembling a front attachment for a construction toy
vehicle”, whereas the correct label is simply “cabin”. To mitigate this type of mistakes we
created a comprehensive object dictionary. This dictionary is maintained as a supplementary
CSV file, providing detailed visual and physical descriptions for unique or ambiguous object
names. A sample of this dictionary is given in Table C.9.

Table C.9: Sample Entries from the Assembly101 Object Dictionary.
Object Name Visual Description
arm Yellow arm piece with a flat rectangular shape and a curved

cutout at one end.
arm connector Small yellow plastic arm connector with a rounded joint sec-

tion and a flat rectangular body.
cabin Plastic car body shell and a label on top — lightweight and

hollow, shaped like the outer frame of a toy vehicle.
fire equipment Small yellow plastic piece with two short pegs at the bottom

and a rectangular frame shape; it has a gray cylindrical ele-
ment housed inside the center. The outer frame is transparent
yellow, and the gray section contrasts distinctly within it.

tilter Yellow plastic piece with a long rectangular body, a round
dark pivot in the center, and a hole at each end. This toy
part is a small, yellow, symmetrical piece with a distinct “C”
shape when viewed from the front.

C.5.1 Prompts for CaptainCook4D
In this subsection, we detail the prompt formulations used to elicit step descriptions, action la-
bels, and object predictions for each video clip in the CaptainCook4D dataset. We first present
the prompts employed for image-based Visual Language Models, specifically Gemma-3 and
GPT-4o. We then describe the prompt designs used for Video Language Models: Gemini and
InternVL-3.
VLM Prompt for Step Description Prediction. Figure C.1 shows the VLM prompt to ana-
lyze the input video frames (as visual input) along with contextual textual information (step
number, activity name, and list of all possible steps) to predict the most likely procedural step.
The variable {to_add} is not part of the static prompt. It adds task-specific warnings when
potentially confusing objects appear in the procedure. For example:

- If “toothpicks” appear in all possible objects per task, the system appends: “Do not
confuse butter with jelly and toothpicks.”

177



C.5. Action and Object Superstructure Details

You are given e g o c e n t r i c frames captured during the execution of a step
number { s t e p _ n u m b e r } of total { len ( steps ) } steps of procedure : {
a c t i v i t y _ n a m e }.

LIST of all possible steps :
[{ a l l _ p o s s i b l e _ s t e p s _ p e r _ t a s k }]

Analyze frames and objects involved ( ignore the laptop screen and
consider context of { a c t i v i t y _ n a m e } p r o c e dure ) to u n d e r s t a n d the step
the user is doing . Take into account a step number of step . Do not be
biased and choose the most likely step and estimate p r o b a b i l i t y .

{ to_add }.

Answer only json format :
{

‘‘ task ’ ’: < procedure_name > ,
‘‘ steps ’ ’: [

{
‘‘ step_name ’ ’: < step_name > ,
‘‘ probability ’ ’: < prob_value >

}
]

}

Figure C.1: Prompt used to predict the step description.

- If “sugar” appears, the system appends: “Do not confuse sugar and flour.”
VLM Prompt for Action Prediction. Predicting actions proves challenging because the
dataset contains 77 distinct fine-grained actions. Using only the actions is insufficient, as
VLMs struggle to distinguish subtle visual differences across the large action set. Alternative
prompting strategies improves action prediction. One approach involves providing step-level
textual context and asking the model to jointly predict both the step description and the action.
Interestingly, the predicted action is not always consistent with the model’s own generated
step. For example, for the ground-truth step “Spread nut butter onto the tortilla” GPT-4o pre-
dicts action “spread” (which is correct) but the predicted step is “Use a butter knife to scoop
nut butter from the jar”. Ultimately, the model performance improves when the list of task-
relevant objects is included in the prompt context. Our final prompt (Figure C.2) instructs
the model to analyze the visual frames together with the provided object list, identify the pri-
mary objects involved in the action (up to three), ignore irrelevant elements such as clothing
or background artifacts, and output the most relevant action from the predefined action set.
VLM Prompt for Objects Prediction. We annotated each step with a subset of 231 unique
objects in CaptainCook4D. As most video steps involve only three or fewer relevant objects,
we ask the VLM to predict only the top three objects. In practice, this introduce a ranking

178



Appendix C. Appendix to CHRONOFIX: Semantic Representations, Hyperparameters,
Configurations, and Grounding Details

You are given e g o c e n t r i c frames captured during the execution of a step
number { s t e p _ n u m b e r } of total { len ( steps ) } steps of procedure : {
a c t i v i t y _ n a m e }.

LIST of all possible objects :
[{ a l l _ p o s s i b l e _ o b j _ p e r _ t a s k }]

LIST of all possible actions :
[{ a l l _ p o s s i b l e _ a c t _ p e r _ t a s k }]

Analyze frames and objects involved in the depicted action . Choose names
of objects with p r o b a b i l i t i e s and action name with p r o b a b i l i t y . Do not
pay attention to people clothes , the laptop screen or i r r e l e v a n t for

action objects . Only primary objects . If you see only one object
involved , choose only it . But no more than 3 objects . Do not be biased
. { to_add }. Write the most relevant action from the provided list .
Answer only json format :

{
‘‘ task ’ ’: < procedure_name > ,
‘‘ actions ’ ’: [

{
‘‘ act_name ’ ’: < action_name > ,
‘‘ prob ’ ’: < prob_value >

}]
}

Figure C.2: Prompt used to predict the core action.

bias, and relevant objects are occasionally excluded from the top-3 set. To address this issue,
we adopt a binary relevance-classification scheme in which the VLM independently judges
each candidate object as relevant or not. Figure C.3 shows the prompt that iterates through a
list of all possible objects for the task, asking a separate yes/no question for each.
Unified Prompt for Video-Native Models (Gemini-2.5-Flash, InternVL3-8B)

For Gemini-2.5-Flash and InternVL3-8B, we use a single multi-task prompt (Figure C.4),
which leverages their temporal modeling capabilities.

C.5.2 Prompting for Assembly101

For Gemini-2.5-Flash and GPT-5 models, the prompt provides (i) candidate steps, (ii) rele-
vant toy parts, and (iii) explicit instructions to ignore irrelevant elements and avoid common
confusions between visually similar components.

We predict both assembling objects and unassembled toy parts. As most parts remain
in the same positions across steps unless used, we thus verify object detection accuracy at
each step. For evaluation, we created step-wise labels and ensure that assembling objects and
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{ to_add }

The q u est i ons d y n a m i c a l l y generated for all possible objects per task :
for obj in a l l _ p o s s i b l e _ o b j _ p e r _ t a s k :

qu est ions += f ‘ ‘ Is { obj } a main object to describe the action in the
pictures ?\ n ’ ’

Answer only yes or no . Only json format :
{

‘‘ objects ’ ’: [
{

‘‘ obj_name ’ ’: < obj_name > ,
‘‘ answer ’ ’: < yes or no >

}]
}

Figure C.3: Prompt used to predict the objects.

You are given a video segment captured during cooking .
LIST of all possible steps : [{ a l l _ p o s s i b l e _ d e s c r i p t i o n s _ s t r }]
Analyze the primary action and most relevant objects to determine the

executed step .
Choose the most likely step and estimate its p r o b a b i l i t y .
{ to_add }.
Answer only json format :
{

‘‘ step_name ’ ’: < step_name > ,
‘‘ action_name ’ ’: < action such as add , cut , etc . > ,
‘‘ primary_objects ’ ’: ‘‘< object1 > , ... ’ ’

}

Figure C.4: Multi-task prompt

unassembled toy parts do not intersect.

We also explored alternative prompting strategies, including a few-shot setup in which the
model first described, in its own words, all objects on the table (both assembled and unassem-
bled) and then attempted to match these descriptions to the set of possible toy parts. This
approach proves unreliable due to substantial inconsistencies in the model’s self-generated
descriptions. Our final prompt (Figure C.5) instead requires the model to jointly predict the
current assembly step, the two toy parts being assembled, and the remaining unassembled
components, ignoring irrelevant elements. The prompt additionally includes explicit warn-
ings designed to reduce confusion among visually similar parts.
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Analyze pictures of a s s e m b l i n g toys . Toy parts are from the list : {
c o m b i n e d _ o b j e c t _ t e x t }.

List of possible steps : { steps }.
Ignore small bolts or pegs , ignore hands / forearms working on the toy .
DO NOT CONFUSE BODY AND CHASSIS AND CABIN AND BASE .
Reco g ni ze the a s s e m b l i n g parts , step , and u n a s s e m b l e d toy parts on the

table .
Write only json file :
{

‘‘ step_name ’ ’: ‘ ‘ < step_name > ’ ’ ,
‘‘ ass embling_objects ’ ’: ‘ ‘ list 2 a s s e m b l i n g objects ’ ’ ,
‘‘ u n a s s e m b l e d _ t o y _ p a r t s ’ ’: ‘ ‘ list u n a s s e m b l e d toy parts you see on the

table ’ ’
}

Figure C.5: Assembly101 prompt

Table C.10: Comparison of multimodal understanding across three tasks: Action Detec-
tion, Relevant Object Detection, and Step Description Prediction from Video on Cap-
tainCook4D.
Model Action Detection Relevant Object Detection (3 Frames) Step Description Prediction

Exact Sim (0.98) 1-Match 2-Match 3-Match Exact Precision (Mean± Std) Exact Sim (0.8)
Gemma 3 0.323 0.323 0.891 0.658 0.409 0.015 0.235 ± 0.203 0.315 0.315
GPT-4o 0.601 0.601 0.853 0.570 0.320 0.069 0.388 ± 0.294 0.597 0.597
Gemini 0.710 0.738 – – – – – 0.655 0.655
InternVL3 0.208 0.208 – – – – – 0.328 0.328

C.5.3 VLM Model And Experimental Details

Gemma-3 (google/gemma-3-4b-it) was used through the HuggingFace image-text-to-text
pipeline on GPU with bfloat16 precision. InternVL3 (OpenGVLab/InternVL3-8B-hf) was
loaded with 4-bit quantization when available, otherwise in fp16. InternVL3 processed 16
uniformly sampled frames per video segment. Gemini inference used gemini-2.5-flash with
default API settings. GPT-4o and GPT-5 were queried through the OpenAI API with default
parameters.

We constructed curated evaluation splits for each dataset to assess VLM performance and
select the best model for each setting. For Assembly101, it consists of 15 randomly selected
videos featuring erroneous assembly attempts across different toys (202 steps total). For Cap-
tainCook4D, it includes 48 randomly selected videos, balanced between 24 erroneous and 24
correct ones. Although we explored multiple frame-selection strategies, all reported results
use three frames per video segment. For CaptainCook4D, we use the three central frames
extracted from five uniformly sampled frames, which provides the most stable predictions
across tasks. For Assembly101, three uniformly sampled frames per segment provide the
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Table C.11: Comparison of Step Prediction, Assembling Object Prediction, and Comple-
mentary Object Prediction on Assembly101.
Model Step Prediction Assembling Object Prediction (2-Objects) Complementary Object Prediction

Exact Match Sim (0.98) Exact Match Similarity Match 1-Match Exact Match Similarity Match
GPT-5 (3 frames) 0.333 0.348 0.377 0.396 0.744 0.082 0.222
Gemini (segments) 0.227 0.251 0.285 0.295 0.710 0.048 0.155

Mod. Encoder Dim Emis. Align. SeqAcc Any T-Aware Video Ins. Del. Subst. Trans.
T all-mpnet 256 Gauss nw 0.741 0.766 0.696 0.990 0.890 0.996 0.888 0.989
T all-minilm 384 Gauss difflib 0.741 0.765 0.694 0.984 0.889 0.996 0.886 0.989
T openai 768 Gauss difflib 0.741 0.989 0.691 0.990 0.886 0.996 0.894 0.989
V videomae-v2 64 Cosine difflib 0.158 0.515 0.577 1.000 0.791 0.899 0.530 0.981
V internvl3 1024 Gauss difflib 0.157 0.506 0.640 1.000 0.571 0.891 0.957 0.980
V dinov3 64 Gauss difflib 0.136 0.500 0.573 1.000 0.791 0.898 0.526 0.974

Table C.12: Legacy Assembly101 PCMD results from the earlier CHRONOFIX study. These
numbers are reported under the original accuracy-based evaluation used in that study and are
therefore kept separate from the unified Any-F1 / Type-F1 results in the main text.

most reliable performance.
Table C.10 reports results on CaptainCook4D. We evaluate Step Description Prediction

andAction Recognition using ExactMatch (Exact) and SimilarityMatch (Sim)metrics. Simi-
larity is computed based on the InstructXL results by the following instructions to embed steps
and actions:

1. “Represent the cooking action (verb + object), focus on what action is done and what
objects are used; do not ignore quantities and timing.”

2. “Represent the cooking action, focus on what action is done (verb).”

These embeddings capture fine-grained nuances in both actions and step descriptions. For
Similarity Match, a prediction is counted as correct if its similarity exceeds thresholds of 0.98
for step descriptions and 0.80 for actions. Thresholds were chosen to allow minor hallucina-
tions while remaining higher than the maximum similarity across all other steps and actions.
Relevant Object Detection is measured by the number of correctly predicted relevant objects,
reported as at least 1-Match, 2-Match, 3-Match, and Exact Match along with Object Precision
(Mean ± Std). For each step i, we compute

Precisioni =


matched_counti

|Predi| , if |Predi| > 0,

0, otherwise,
(C.1)
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where Predi is the set of predicted relevant objects. We report themean and standard deviation
of Precisioni across all steps.

Table C.11 shows results on Assembly101. For Step Prediction, we use the same met-
rics as for CaptainCook4D: Exact Match and Similarity (Sim) Match, but with the instruction
for InstructXL: “Represent the assembly instruction step, focus on objects (toy parts)” and
the same threshold of 0.98. For Assembling Object Prediction (2-Objects), we report Exact
Match and SimilarityMatch (threshold 0.98), as well as 1-Match, which counts a prediction as
successful if at least one object is correct. Exact Match is particularly important here, as each
step involves exactly two objects, unlike CaptainCook4D. For Complementary Object Detec-
tion, we use Exact Match and Similarity Match (threshold 0.98) to assess how accurately the
model identifies all unassembled toy parts present on the table. Apart fromGemini and GPT-5,
we also experimented with open-source VLMs such as Gemma-3; however, performance was
very low (Exact Match: 0.0773 for Step Prediction, 0.0918 for Assembling Object Prediction),
so these results are not included in the table.

C.6 Finetuning Experiments

We attempted several finetuning strategies on the CaptainCook4D and Assembly101 training
splits (about 115-117 videos) to make a model distinguish fine-grained procedural steps via
multiclass video classification, by aligning each visual segment with a specific step description.
None of these attempts gave meaningful generalization because each step label has very few
examples and the label distribution is strongly long-tailed.

First, we finetuned visual encoders for step prediction. We tried CLIP and DINOv3 (three
sampled frames), VideoMAE, and VideoMAE2, and also added LoRA adapters to the query/-
value layers. Validation accuracy stayed extremely low (val acc ≈ 3–4%), with heavy class
imbalance. The models did not see enough diverse examples per step within each chunk, and
the full models overfit quickly.

We then tested alternative training objectives. We applied triplet loss (anchor-positive-
negative) [108] between steps to reinforce step separation, but the data are too limited and
many steps are visually close, so the model still memorized the training set. We also trained
a VideoMAE2 encoder with an MLP classifier. It reached near-perfect training accuracy, but
validation performance dropped fast evenwith strong regularization, again showing overfitting.
Using only visual features did not help: an MLP that tries to separate about 350 step classes
is too weak under such imbalance, and the embeddings are not discriminative enough for this
taxonomy.
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To reduce discreteness, we trained anMLP on CLIP visual embeddings to regress to CLIP
text embeddings of step descriptions. This reproduced training embeddings well but failed on
held-out segments, especially for rare steps. We also tried QLoRA finetuning of InternVL3-
8B, but the model quickly memorized the training data and did not generalize. Finally, we
trained an XGBoost classifier on VideoMAE2 embeddings for action and object prediction.
This avoided strong overfitting, but test accuracy was still very low (≈ 15%), which again
shows that the visual embeddings alone are not sufficient.1

Overall, these results show that without text support it is hard to learn step semantics from
so few videos, with many visually similar steps and, in CaptainCook4D, large visual variation
of the same step. This is why we eventually rely on prompt-based inference with pretrained
VLMs instead of task-specific finetuning.

1For Assembly101, we also trained an XGBoost classifier on VideoMAE2 embeddings to predict assembled
objects but it shows the same behavior on test data. Some toy parts appear only in error videos or in a single
video, so reliable learning is complicated.
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