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Summary

This work investigates how targeted synthetic data can make language models more
robust in practical deployments. While contemporary large language models achieve
impressive benchmark performance, they remain vulnerable to high-confidence errors
under distribution shift, adversarial perturbations, and value-laden decisions. We exam-
ine three complementary directions toward improving robustness: (i) structure-aware
diagnostics of reasoning, (ii) agent-driven, targeted knowledge injection and synthetic
proxy context, and (iii) value-sensitive escalation policies that optimize expected total
value rather than relying on model confidence alone.

The work is organized around three pillars. Understanding model reasoning (Pillar 1)
asks whether knowledge distillation on reasoning traces transfers genuine reasoning or
primarily encourages stylistic replication of trace structure. Through controlled ablations
that separate stylistic cues (e.g., staged scaffolding and metacognitive “pivot” markers)
from logical content, the results show that much of the measured benefit of distillation
arises from adopting a consistent answer style rather than from learning underlying
reasoning procedures. Style-consistent synthetic traces can match the gains obtained
from emergent traces across diverse benchmarks, and even style-consistent traces
leading to incorrect final answers provide non-trivial improvements over base models.
These findings motivate style-sensitivity audits and verifier-based faithfulness checks as
a complement to accuracy reporting.

Strategic knowledge injection (Pillar 2) develops agent-in-the-loop methods to identify
and remediate blind spots, conceptualized as unknown unknowns: high-confidence
misclassifications that evade simple uncertainty thresholds. The approach uses targeted
synthetic sample generation conditioned on diagnosed failure patterns. It further intro-
duces an offline, zero-shot contextual adaptation framework that constructs a compact
synthetic proxy corpus from a small set of exemplars, enabling embedding models to
adapt without access to the target corpus. Empirically, agent-guided synthesis reduces
high-confidence errors while maintaining overall accuracy and calibration, and synthetic
proxy contexts approach corpus-aware retrieval performance. Separately, a case study
on multimodal translation demonstrates that adding visual context can disambiguate lan-
guage and strengthen translation quality, and thus reinforces the value of information-rich
context.

Human-Al alignment (Pillar 3) addresses deployment decisions when harms and
costs are asymmetric. We adapt Magnitude Estimation to elicit ratio-scale utilities
for accept, reject, and escalate choices, producing value-sensitive decision policies
that can outperform confidence-based thresholds in value-laden settings. The value
signal exhibits strong reliability and convergent validity relative to bounded rating scales,
enabling stable threshold optimization and class-conditional deferral. This framing
clarifies trade-offs, supports auditable policy choices, and emphasizes the need to

Xi
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version and periodically re-estimate value models to remain aligned with stakeholder
priorities and context.

Across these lines of work, the results show that diagnostics localize brittleness and
separate style from substance; targeted synthesis and synthetic context efficiently reduce
blind spots; and value-sensitive escalation governs operation under uncertainty and
unequal error costs. These outcomes improve reliability under shift, increase auditability,
and focus human attention where it yields the greatest benefit in the studied settings.



Samenvatting

Dit werk onderzoekt hoe gerichte synthetische gegevens taalmodellen robuuster kunnen
maken in praktische toepassingen. Hoewel hedendaagse grote taalmodellen indruk-
wekkende benchmarkprestaties leveren, blijven zij kwetsbaar voor fouten met hoge
zekerheid bij distributieverschuiving, vijandige verstoringen en waarde-geladen beslis-
singen. We beschouwen drie complementaire richtingen om robuustheid te verbeteren:
(i) structuurbewuste diagnostiek van redenering, (ii) agentgestuurde, gerichte kennisin-
jectie en synthetische proxycontext, en (iii) waardegevoelige escalatiestrategieén die
de verwachte totale waarde optimaliseren in plaats van uitsluitend te vertrouwen op
modelzekerheid.

Het werk is georganiseerd rond drie pijlers. Begrip van modelredeneren (Pijler 1)
onderzoekt of kennisdistillatie op basis van redeneringssporen daadwerkelijk redene-
ring overdraagt of vooral de stilistische reproductie van de structuur van die sporen
bevordert. Via gecontroleerde ablaties die stilistische signalen (bijv. stapsgewijze scaf-
folding en metacognitieve “pivot’-markeringen) scheiden van logische inhoud, laten de
resultaten zien dat een groot deel van het gemeten voordeel van distillatie voortkomt
uit het aannemen van een consistente antwoordstijl, eerder dan uit het leren van on-
derliggende redeneringsprocedures. Stijlconsistente synthetische sporen kunnen de
prestatiewinst evenaren die met emergente sporen wordt behaald over diverse bench-
marks, en zelfs stijlconsistente sporen die tot onjuiste eindantwoorden leiden leveren
niet-triviale verbeteringen op ten opzichte van basismodellen. Deze bevindingen mo-
tiveren stijlgevoeligheidsaudits en op verifiers gebaseerde getrouwheidscontroles als
aanvulling op nauwkeurigheidsrapportage.

Strategische kennisinjectie (Pijler 2) ontwikkelt agent-in-the-loop-methoden om blinde
vlekken te identificeren en te verhelpen, geconceptualiseerd als unknown unknowns: mis-
classificaties met hoge modelzekerheid die eenvoudige onzekerheidsdrempels ontwijken.
De aanpak gebruikt gerichte synthetische voorbeeldgeneratie, geconditioneerd op gedi-
agnosticeerde foutpatronen. Daarnaast introduceren we een offline, zero-shot raamwerk
voor contextuele adaptatie dat uit een kleine set voorbeelden een compact synthetisch
proxycorpus opbouwt, waardoor embeddingmodellen zich kunnen aanpassen zonder
toegang tot het doelcorpus. Empirisch reduceert agentgestuurde synthese het aantal
hoogzekerheidsfouten, terwijl de algehele nauwkeurigheid en kalibratie behouden blijven,
en benaderen synthetische proxycontexten de prestaties van corpus-bewuste informa-
tieopvraging. Afzonderlijk laat een casestudie naar multimodale vertaling zien dat het
toevoegen van visuele context ambiguiteit in taal kan wegnemen en de vertaalkwaliteit
kan versterken, wat de waarde van informatierijke context onderstreept.

Mens—Al-afstemming (Pijler 3) behandelt inzetbeslissingen wanneer schade en kosten
asymmetrisch zijn. We passen Magnitude Estimation aan om waardering op een verhou-
dingsschaal (ratio-schaal) te kwantificeren voor de keuze tussen accepteren, afwijzen en
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escaleren, en construeren zo waarde-gevoelig beslissingsbeleid dat drempels op basis
van modelzekerheid kan overtreffen in waarde-geladen contexten. Het waardesignaal
vertoont hoge betrouwbaarheid en convergente validiteit in vergelijking met begrensde
beoordelingsschalen, wat stabiele drempeloptimalisatie en klasse-afhankelijk uitstel
mogelijk maakt. Deze benadering verduidelijkt afwegingen, ondersteunt verifieerbare
beleidskeuzes en benadrukt de noodzaak om versiebeheer toe te passen op waar-
demodellen en deze periodiek opnieuw af te schatten, zodat zij afgestemd blijven op
prioriteiten van belanghebbenden en context.

Over deze onderzoekslijnen heen laten de resultaten zien dat diagnostiek kwetsbaar-
heden lokaliseert en stijl van inhoud scheidt; dat gerichte synthese en synthetische
context blinde vlekken efficiént reduceren; en dat waardegevoelige escalatie de werking
stuurt onder onzekerheid en ongelijke foutkosten. Deze uitkomsten verbeteren de be-
trouwbaarheid bij distributieverschuivingen, vergroten de verifieerbaarheid en richten
menselijke aandacht daar waar die in de bestudeerde contexten het meeste oplevert.



Introduction

This thesis investigates how targeted synthetic data generation can improve language
model robustness. As large language models see rapid deployment in high-stakes do-
mains (healthcare, law, education), robustness and calibrated uncertainty are essential to
prevent real-world harm. We study three interconnected themes: diagnosing reasoning
mechanisms, injecting knowledge to remediate blind spots, and incorporating human
alignment through principled escalation criteria. Unlike generic data augmentation, we
use agent-driven methodologies to identify specific model vulnerabilities and generate
synthetic samples that directly address failure modes such as distribution shift, reasoning
errors, stylistic replication, and value misalignment. Throughout, we use targeted syn-
thetic data both to diagnose specific failure modes and to remediate them, complemented
by value-sensitive escalation criteria.



2 1. Introduction

1.1. BACKGROUND AND MOTIVATION

1.11. WHEN AI SYSTEMS FAIL WITH CERTAINTY

In 2018, internal evaluations of IBM Watson for Oncology revealed that the system
recommended unsafe and inappropriate cancer treatments in multiple cases, includ-
ing suggesting a drug that could cause severe bleeding to a patient already at risk of
hemorrhage [1]. Despite being deployed across more than 230 hospitals worldwide and
affecting thousands of patient consultations, the system projected confidence in recom-
mendations that contradicted established medical protocols [2]. This case exemplifies
a broader pattern: Al systems can deliver harmful outputs with confident, authoritative
presentation, creating dangerous scenarios where high confidence masks fundamental
reasoning failures.

Healthcare Al provides a particularly stark illustration of high-confidence failures be-
cause the stakes are measured in human lives rather than abstract metrics. When
clinical decision-support systems present treatment recommendations with no signal
of uncertainty, medical professionals may defer to algorithmic authority even when the
underlying reasoning is flawed [3-5]. In contexts where domain knowledge, causal
reasoning, and patient-specific constraints interact, uncalibrated certainty can mask gaps
in underlying knowledge or reasoning and thereby increase the likelihood of harmful
actions.

This case anchors the central problem this thesis addresses: Al systems can commit
errors while projecting confidence — failures that are more dangerous than ordinary
mistakes precisely because their apparent certainty bypasses human oversight. These
are high-confidence errors, which we call unknown unknowns (UUs), and they represent
a fundamental breakdown in the reliability of Al systems deployed in critical applications.

To address these high-confidence errors, we develop a data-centric approach based
on targeted synthetic data generation: synthesizing examples in response to diagnosed
model vulnerabilities to surface and correct specific failure modes prior to deployment
(see Chapter 3).

1.1.2. THE ROBUSTNESS CHALLENGE

These high-confidence failures in healthcare Al exemplify a broader challenge facing
language models across all deployment contexts. Large Language Models (LLMs) display
striking competence on benchmarks and professional examinations, and they increasingly
support decision-making in healthcare, law, and education [6-9]. Yet deployment reveals
a persistent vulnerability: when inputs, objectives, or operating conditions shift, LLMs
can produce fluent, specific, and confident responses that are nevertheless wrong. This
brittleness is particularly concerning when outputs are acted upon without calibrated
uncertainty.

In this thesis, we use robustness to mean maintaining reliable performance and cal-
ibrated uncertainty under distribution shift and other perturbations, rather than exhibiting
catastrophic failure as conditions vary [10-12].

The recurring nature of such failures across diverse domains suggests that current
approaches to language model robustness are inadequate. These failures manifest
through several interacting components which compound in deployed systems.
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Multiple failure dimensions contribute to high-confidence errors. Under distribution
shift, models extrapolate beyond their training regimes and can assert incorrect facts
or recommendations with fluency [13—-15]. Under adversarial perturbations, small
input changes induce consistent errors that retain spurious certainty [16—18]. With
reasoning failures, models can produce logically invalid inferences while maintaining
the surface structure of correct reasoning, leading to plausible but fundamentally flawed
conclusions [19]. Finally, value misalignment arises when optimization targets proxy
objectives that diverge from stakeholder values, creating confident behavior that is
technically consistent with training signals but practically harmful [20].

The limitations of existing solutions — from adversarial testing [21, 22] to generic data
augmentation [23] to Reinforcement Learning from Human Feedback (RLHF) [24, 25]
— motivate a closer analysis of the problem space before proposing remedies. The
following examples illustrate the stakes and broader patterns across critical domains.

1.1.3. KEY FAILURE EXAMPLES

Three critical failure cases illustrate high-confidence errors in deployed Al systems:

Healthcare Al: IBM Watson for Oncology (2018). Internal evaluations revealed the
system recommended unsafe cancer treatments, including suggesting drugs that could
cause severe bleeding to patients already at risk [1]. Despite deployment across 230+
hospitals worldwide, the system projected confidence in recommendations contradicting
medical protocols [2].

National-Scale Discrimination: Dutch Benefits Scandal (2020). Algorithmic profil-
ing incorrectly flagged 35,000+ families for benefits fraud [26—28]. Errors in the automated
decision-making process led to significant harm for affected families and contributed to a
major political crisis.

LLM Hallucinations: Legal and Financial Consequences (2022-2024). LLMs
generate compelling but fabricated content with apparent confidence [6]. The Air Canada
chatbot case demonstrated material consequences, with the company legally required
to honor a non-existent policy its chatbot confidently described [29].

These failures reveal a consistent pattern: Al systems deliver incorrect outputs with
spurious confidence, creating scenarios where high certainty masks fundamental reason-
ing failures. Their recurrence across domains — from healthcare to national infrastructure
to consumer services — indicates that point solutions addressing individual failure modes
are insufficient.

The transition from recognizing these failures to developing effective solutions requires
understanding both the theoretical foundations of robustness and the limitations of exist-
ing approaches. To design an effective approach for addressing high-confidence errors,
we must first examine how existing research has approached robustness challenges
and identify where current solutions fall short.

1.2. PROBLEM STATEMENT AND ANALYSIS

The recurring failures documented in Section 1.1 have motivated extensive research
across adversarial robustness [30, 31], distributional robustness [11, 12], uncertainty
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quantification [10, 32], and fairness-aware machine learning [33, 34]. Yet despite this
proliferation of work, the field remains fragmented across distinct research communities
that rarely interact. We begin with an analysis of how these failures manifest and where
current approaches fall short; we then articulate the resulting gaps.

We address the discrepancy between apparent LLM competence and recurring real-
world failures. While LLMs demonstrate impressive benchmark performance, they exhibit
a fundamental vulnerability: producing incorrect outputs with high confidence, creating
scenarios where certainty masks profound reasoning failures. These high-confidence
errors constitute a pervasive pattern undermining trust and safety across healthcare,
finance, legal, and social infrastructure.

We focus on developing targeted interventions addressing root causes rather than
symptoms. We constrain our investigation to language models, recognizing that other
Al systems present distinct failure modes. Within this scope, we prioritize three inter-
connected dimensions: diagnostic capabilities, targeted synthetic data generation, and
principled mechanisms for human-Al alignment.

Our study excludes adversarial robustness in the strict security sense, focusing in-
stead on unwanted, naturally occurring distribution shifts. Additionally, we develop
practical mechanisms for value-sensitive decision-making rather than attempting to solve
the broader alignment problem, providing principled methodologies for identifying and
mitigating critical vulnerabilities leading to high-confidence errors.

1.2.1. THREE FUNDAMENTAL GAPS IN CURRENT APPROACHES

Current robustness approaches operate in isolation, creating three fundamental gaps
that our work addresses:

The Diagnostic Gap. Existing methods lack systematic diagnostics for distinguishing
genuine understanding from sophisticated pattern matching. Without understanding
how models fail, targeted interventions remain impossible. Our reasoning diagnostics
(Chapter 2) address this gap by revealing when models rely on stylistic replication rather
than logical comprehension.

The Intervention Gap. Current data augmentation applies uniform transformations
without targeting specific vulnerabilities. Generic approaches improve average robust-
ness while leaving critical failure modes unaddressed. Our knowledge injection approach
(Chapter 3) fills this gap through agent-driven synthesis that identifies and remediates
specific model blind spots.

The Value Alignment Gap. Technical robustness metrics poorly correlate with human
values and real-world harm. Existing preference learning captures surface-level prefer-
ences without understanding deeper value structures. Our human alignment approach
(Chapter 4) addresses this through principled value quantification that moves beyond
miscalibrated confidence scores.

1.2.2. THEORETICAL FOUNDATIONS
KEY CONCEPTS AND TERMINOLOGY

We briefly introduce central terms used throughout this chapter. High-confidence errors
are cases where a model produces incorrect outputs while expressing high certainty,
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reflecting miscalibration between predicted confidence and actual correctness. Un-
known unknowns denote high-confidence errors that fall outside anticipated evaluation
coverage — deployment blind spots not surfaced during training or validation. Stylistic
replication refers to apparent reasoning competence achieved by reproducing surface-
level patterns rather than performing genuine logical inference. We use robustness to
mean graceful performance degradation under distribution shift, rather than catastrophic
failure with high confidence. In our context, calibration — the alignment of confidence
with correctness — is often poor for language models [35, 36], with additional miscalibra-
tion observed for RLHF-trained models [37]. These concepts ground the analysis that
follows.

DESIGN RATIONALE FOR THE THREE THEMES

Addressing the identified gaps requires a systematic, integrated approach rather than
incremental fixes. Our design is guided by three insights: (1) high-confidence errors
often reflect pattern matching rather than genuine understanding, motivating diagnostics
that reveal failure mechanisms; (2) interventions must be prioritized by stakeholder-
relevant value to ensure effort targets what matters; and (3) human expertise surfaces
reasoning failures that automated probes may miss, informing subsequent diagnostics
and interventions.

1.3. RESEARCH QUESTIONS

From this analysis, we now articulate the research questions that structure the remainder
of this chapter. These questions motivate the three pillars of our approach — reasoning
diagnostics, targeted knowledge injection, and human value integration. We then discuss
how these components interact to form a diagnostic—intervention—escalation pipeline
(Section 1.5.2).

CENTRAL RESEARCH QUESTION

The central research question of this thesis is: How can targeted synthetic data
generation systematically improve language model robustness?

This question addresses a fundamental limitation in current approaches: existing
methods operate in isolation and apply generic transformations without targeting spe-
cific model vulnerabilities. Our approach integrates reasoning diagnostics, strategic
knowledge injection, and human value alignment through coordinated synthetic data
generation that directly addresses identified blind spots.

We decompose the central question into three specific, falsifiable research questions:

RQ1: REASONING MECHANISMS AND STYLISTIC REPLICATION

The first research question directly addresses the diagnostic foundation of our approach:
To what extent do common techniques for transferring reasoning capabilities,
such as knowledge distillation, rely on replicating superficial stylistic patterns
rather than conveying substantive logical processes?
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This question investigates stylistic replication — where models reproduce surface-
level patterns without internalizing logical processes. Current knowledge distillation
assumes smaller models learn reasoning by mimicking larger teacher models [38].
However, evidence suggests distilled models achieve performance through pattern
matching rather than genuine understanding. This distinction is critical for robustness:
stylistic replication creates models that appear competent on benchmarks while failing
catastrophically in novel contexts, exhibiting high-confidence errors when reasoning
demands exceed pattern-matching capabilities.

We formulate two testable hypotheses to address this question systematically. Hy-
pothesis H1a posits that models trained exclusively on stylistic patterns extracted from
reasoning traces will achieve comparable performance to models trained on complete
reasoning examples, measured across diverse mathematical reasoning benchmarks.
Hypothesis H1b predicts that reasoning transfer effectiveness correlates more strongly
with stylistic similarity than with logical validity, as measured through controlled ablation
studies that isolate form from content in synthetic reasoning traces.

This research question addresses the Diagnostic Gap (Section 1.2.1).

RQ2: AGENT-DRIVEN KNOWLEDGE INJECTION

The second research question addresses the strategic foundation of our Knowledge pillar:
How effectively can an agent-driven approach that identifies model blind spots
and generates targeted synthetic data mitigate specific failure modes compared
to untargeted data augmentation approaches?

Current synthetic data approaches apply uniform transformations without considering
specific model vulnerabilities [23, 39, 40]. Unknown unknowns represent inputs where
models produce incorrect outputs with high confidence — blind spots that generic aug-
mentation fails to address [41]. Existing methods like Easy Data Augmentation [42] may
amplify biases while leaving critical failure modes undetected.

We formulate two testable hypotheses to address this question rigorously. Hypothesis
H2a posits that agent-driven targeted synthesis significantly reduces unknown unknown
detection failures compared to untargeted data augmentation approaches, measured
across diverse classification tasks including mathematical reasoning, factual accuracy,
and domain adaptation scenarios. Hypothesis H2b predicts that agent-identified blind
spots correlate strongly with human expert assessments of model vulnerabilities, validat-
ing the diagnostic accuracy of our automated approach.

This research question addresses the Intervention Gap (Section 1.2.1).

RQ3: VALUE-SENSITIVE HUMAN ALIGNMENT

The third research question addresses the Human Alignment component of our approach:
Can a quantitative measure of user-perceived value provide a more reliable signal
than model confidence for determining when to escalate decisions to human
experts in value-laden contexts?

This question arises from the systematic miscalibration of confidence scores in large
language models, particularly those trained with RLHF, where expressed confidence
poorly correlates with actual reliability [37, 43, 44]. Traditional escalation mechanisms
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rely on model confidence thresholds [45, 46], creating dangerous scenarios where high-
confidence errors bypass human oversight precisely when expert intervention is most
critical. Such miscalibration has led to consequential failures across healthcare, legal,
and financial domains, as demonstrated in the failure examples presented earlier.

We propose leveraging Magnitude Estimation — a method where evaluators assign
numerical values to decision scenarios based on their perceived importance, risk, and eth-
ical considerations — to measure user-perceived value in Al decision-making contexts [47,
48]. Unlike binary preference comparisons used in traditional RLHF approaches [24], this
method captures nuanced value judgments across multiple dimensions. This approach
moves beyond confidence-based escalation toward principled value-sensitive criteria
that can systematically integrate human expertise when model outputs conflict with
stakeholder values.

We formulate a testable hypothesis for systematic evaluation. Hypothesis H3a
predicts that Magnitude Estimation-based escalation schemes achieve significantly
higher human—Al agreement rates, substantially outperforming traditional confidence-
based methods in accuracy of escalation decisions across value-sensitive scenarios.

This research question addresses the Value Alignment Gap (Section 1.2.1). We
operationalize these questions in Section 1.4.

1.4. RESEARCH METHODOLOGY

1.4.1. METHODOLOGICAL APPROACH

We employ a balanced methodology that integrates empirical evaluation and theory-
driven analysis. For each research question, we specify datasets/corpora, diagnostic
probes, synthesis or training protocols, evaluation metrics, and analysis methods. This
structure ensures results are both replicable and interpretable in the context of robustness.

RQl: Reasoning mechanisms and stylistic replication (see Chapter 2)

« Approaches: Supervised fine-tuning (distillation) on reasoning traces from stronger
teacher models; controlled ablations that isolate stylistic structure (stages and meta-
cognitive pivots) from logical content; comparisons of emergent versus style-guided
synthetic traces, including style-preserving traces with incorrect final answers [49].

- Datasets: Emergent and synthetic reasoning trace corpora as introduced in [49];
downstream benchmarks including MATH500, AIME2024, and GPQA (Diamond).

* Metrics: Task accuracy on the downstream benchmarks as the primary met-
ric; ablation outcomes that attribute improvements to stylistic structure versus
correctness.

+ Analyses: Targeted ablations that separate style from substance; associations
between structural markers (stages, pivots) and downstream accuracy; source-
faithful hypotheses and tests aligned with Section 1.3.
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RQ2:

RQ3:

Agent-driven knowledge injection via targeted synthesis (see Chapter 3)

Approaches: Agent-driven discovery of unknown unknowns (UUs) via systematic
probing and failure-pattern analysis; targeted synthetic sample generation condi-
tioned on detected patterns; offline synthetic context construction for zero-shot
contextual adaptation (ZEST); iterative characterize—synthesize—verify loops with
verification using ground truth or strong teacher adjudication.

Datasets: Three classification tasks in the UU study — IMDb (sentiment analysis),
MRPC (semantic equivalence), and QNLI (natural language inference) — evaluated
with BERT (bert-base-uncased) and Llama 2 7B, plus a controlled synthetic
blind-spot study with an LSTM; domain adaptation on MTEB retrieval tasks; and
multimodal manga translation for JA-EN and JA—PL directions [50-52].

Metrics: UU reduction rate (proportional decrease in high-confidence misclassi-
fications with verification); original accuracy and accuracy under attack; perturba-
tion success rates under TextFooler (TF) and DeepWordBug (DWB); confidence-
distribution analyses for successful perturbations; MTEB retrieval performance via
NDCG@10; and translation quality via ChrF, BERTScore, BLEURT, xCOMET, plus
MQM human evaluation (JA-EN).

Analyses: Component-wise ablations (e.g., LM- vs human-generated data, com-
parison to relabeling); controlled synthetic blind-spot targeting; cost— quality trade-
offs for targeted vs generic augmentation; ablations for ZEST (e.g., number of
exemplars R, synthetic corpus size), and design rationale for agent prompts/hypo-
theses.

Value-sensitive human alignment and escalation (see Chapter 4)

Approaches: Scenario-based evaluations in value-laden decision contexts using
Magnitude Estimation to elicit user-perceived value; translation of quantitative
value assignments into escalation thresholds independent of model confidence;
and comparison against confidence-based baselines.

Datasets: Decision scenarios instantiated from a hate-speech detection corpus
with model predictions used as stimuli in user studies; includes hate-speech
moderation and related decision settings to assess escalation criteria [53].

Metrics: Reliability of Magnitude Estimation (e.g., Krippendorff's alpha), conver-
gent validity against a 100-level scale, and value-based accept/reject thresholds
that maximize total value over scenarios (TP, TN, FP, FN, reject); model-selection
comparisons when optimizing value versus accuracy.

Analyses: Reliability and validity analyses; demographic subgroup comparisons
(e.g., Mann—Whitney, Kruskal-Wallis); sensitivity of value-based thresholds; and a
measurement-theoretic grounding of Magnitude Estimation within value-sensitive
design.
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1.5. CONTRIBUTIONS

1.5.1. THESIS CONTRIBUTIONS

We make four primary contributions to the field of Al robustness. Each contribution
represents a significant advancement beyond current state-of-the-art approaches:

CONTRIBUTION 1: CHARACTERIZATION OF “STYLISTIC REPLICATION"

We introduce and empirically characterize the phenomenon of stylistic replication,
wherein language models achieve apparent reasoning competence by reproducing
surface-level linguistic patterns rather than internalizing genuine logical processes. Our
evaluation protocol demonstrates that models trained exclusively on stylistic patterns
achieve performance parity with models trained on complete reasoning examples. This
finding challenges fundamental assumptions about knowledge transfer mechanisms in
current distillation practices and explains why models fail catastrophically when reasoning
demands exceed their pattern-matching capabilities.

CONTRIBUTION 2: AGENT-DRIVEN SYNTHETIC DATA GENERATION

This work presents a systematic methodology for intelligent identification and remediation
of language model blind spots through agent-driven targeted synthesis. Our intelligent
agents systematically probe model behavior to identify unknown unknowns and generate
targeted synthetic samples specifically designed to remediate these weaknesses. This
approach achieves effective robustness improvements using significantly less synthetic
data than generic augmentation methods.

CONTRIBUTION 3: VALUE-SENSITIVE DECISION APPROACH

We develop a quantitative approach for integrating human values into Al decision-making,
specifically adapting Magnitude Estimation methodology to capture nuanced value judg-
ments in Al-assisted decision contexts. This approach moves beyond confidence-based
escalation toward principled value-sensitive criteria that route decisions to human ex-
perts based on quantified stakeholder priorities. Empirical validation demonstrates that
Magnitude Estimation-based escalation schemes substantially outperform traditional
confidence-based methods in user satisfaction across value-sensitive scenarios.

CONTRIBUTION 4: CROSS-CUTTING SYNTHESIS PERSPECTIVE

We articulate three cross-cutting themes and their relationships; see Section 1.5.2 for an
overview and Chapter 5 for potential avenues toward unification and future directions.

1.5.2. OVERVIEW OF THEMES

We present a systematic approach to language model robustness through targeted
synthetic data generation. We organize the work around three themes: (1) Reason-
ing diagnostics that distinguish genuine comprehension from pattern matching, (2)
Strategic knowledge injection via agent-driven synthetic data generation to eliminate
identified blind spots, and (3) Human value integration through principled escalation



10 1. Introduction

criteria. Unlike generic data augmentation, this approach aims to first understand the
sources of the model’s failure modes, and then generate synthetic data to address them,
ensuring that the model is robust and aligned with the user.

The Reasoning component (Chapter 2) provides diagnostics to distinguish genuine
logical understanding from pattern matching, including the characterization of stylistic
replication. These diagnostics inform where and how to intervene with data. See
Section 1.3 and Contribution 1.5.1 for evaluation.

The Knowledge component (Chapter 3) presents our core methodological contribution:
agent-driven synthetic data generation for systematic blind spot remediation. This
approach identifies unknown unknowns through intelligent probing, then generates
targeted synthetic samples addressing these specific vulnerabilities. Key innovations
include contextual adaptation approaches — methods enabling domain adaptation
without target-domain training data — and multi-step synthesis protocols that characterize
failure patterns, hypothesize causes, and generate targeted interventions. This targeted
approach achieves effective robustness improvements using significantly less synthetic
data than generic methods.

The Human Alignment component (Chapter 4) establishes principled mechanisms
for integrating human expertise and values into Al decision-making processes. Moving
beyond simple preference learning, this component develops protocols where evaluators
assign numerical values to scenarios based on their perceived importance, risk, and
ethical considerations to quantify user-perceived value and create robust escalation
criteria. These criteria determine when human oversight is needed based on value-
sensitive criteria rather than potentially miscalibrated model confidence scores.

Across the technical components, targeted synthetic data provides the connective
thread: controlled reasoning traces and synthetic datasets used to study stylistic replica-
tion (Chapter 2), and targeted samples to remediate detected blind spots and enable
contextual adaptation (Chapter 3). The Human Alignment component (Chapter 4) con-
tributes value-sensitive escalation criteria that govern when to defer to human experts,
ensuring that data-driven interventions are deployed in ways consistent with stakeholder
priorities.

THEORETICAL INTEGRATION ACR0OSS COMPONENTS

Our empirical investigations evaluate each component independently, but the conceptual
foundation rests on understanding synergistic interactions. Each component addresses
distinct aspects of robustness failures while sharing connections that suggest coordinated
intervention can achieve improvements exceeding individual contributions:

Reasoning — Knowledge: Diagnostic insights about stylistic replication could inform
the design of targeted synthetic data generation. If we understand that models rely
on surface patterns rather than logical structures, synthesis strategies might focus on
generating examples that require genuine reasoning rather than pattern matching.

Knowledge — Human: Information about remediated blind spots through targeted
synthesis could provide context for human decision-making. Understanding which spe-
cific vulnerabilities have been addressed might inform when human oversight becomes
most critical.
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Human — Reasoning: Value-sensitive feedback could reveal reasoning failures that
automated diagnostics miss. Human expertise might identify conceptual gaps that guide
future diagnostic development, though this remains largely unexplored.

1.6. INTEGRATED RESEARCH PAPERS

The empirical investigation of these research questions draws on multiple research
papers that collectively provide component-level empirical support and motivation for
the overall approach.

This thesis integrates nine peer-reviewed papers that collectively highlight motivations
for a more integrated perspective on language model robustness. Rather than isolated
contributions, these papers form a coherent research progression through three distinct
phases that ultimately motivated organizing the work around three themes.

1.6.1. DISCOVERY PHASE: SYSTEMATIC NATURE OF ROBUSTNESS
FAILURES

We briefly survey representative studies from a discovery phase that frame robustness
as a system-level property rather than a collection of isolated bugs. These background
notes surface recurring, high-confidence failures across domains and evaluation settings
and point to methodological gaps in diagnostics, data, and governance, motivating the
agenda that follows.

Al Robustness: A Human-Centered Perspective on Technological Challenges and
Opportunities (Tocchetti et al., 2025) [54], published in ACM Computing Surveys, surveys
robustness across pipelines, tasks, and systems, illustrating why siloed fixes can miss
system-level failure patterns.

Red Teaming for Large Language Models at Scale: Tackling Hallucinations on Mathem-
atics Tasks (Buszydlik et al., 2023) [55], published at the NAACL ART of Safety Workshop,
explores red teaming in elementary mathematics and illustrates how confident errors
can persist even with structured prompting.

Student-Teacher Prompting for Red Teaming to Improve Guardrails (Llaca et al.,
2023) [56], published at the NAACL ART of Safety Workshop, discusses student—teacher
prompting as a structured probe of vulnerabilities, suggesting how guided analysis can
surface patterns that generic tests may miss.

Building on these early findings, a system-level robustness perspective provides the
lens through which we organize the rest of this thesis. Namely, Tocchetti et al. [54]
synthesize robustness across three complementary taxonomies: methods across the
machine learning pipeline, robustness by architecture/task/system, and assessment
methodologies. This perspective clarifies why point solutions underperform and motivates
our structured program: diagnose, synthesize, and escalate. In Pillar 1 (Chapter 2), we
emphasize assessment and architecture-level analysis to separate stylistic replication
from substantive reasoning and to localize high-confidence failures. In Pillar 2 (Chapter 3),
we intervene at the pipeline level with agent-driven, targeted synthesis and synthetic
context to remediate blind spots and enable domain adaptation. In Pillar 3 (Chapter 4),
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we treat robustness as a socio-technical property and encode the central role of humans
through value-sensitive escalation.

Structured red teaming of language models underscores the limits of current practices:
Buszydlik et al. [55] show that in elementary mathematics, prompting slows but does
not prevent deterioration and miscalibration — models still produce confident, wrong an-
swers despite structured prompting (e.g., worked examples and step-by-step reasoning).
Likewise, Llaca et al. [56] find that student-teacher prompting strengthens guardrails
against harmful responses, yet leaves open when and how decisions should defer to
humans under value-sensitive stakes. These findings motivate stronger diagnostics,
targeted data interventions, and principled escalation, which the subsequent chapters de-
velop in detail. In sum, the discovery-phase evidence shapes a robustness-first agenda
that flows naturally into the component designs that follow: diagnose failure modes,
synthesize targeted knowledge, and escalate by value when uncertainty or asymmetric
harms remain.

The discovery-phase literature points towards recurring, system-level robustness pat-
terns and motivates the diagnostic—synthesis—escalation view developed in subsequent
chapters.

1..6.2. COMPONENT DEVELOPMENT PHASE: PILLAR-SPECIFIC
SOLUTIONS

Building on cross-domain failure analysis, individual research developed specific solutions
for each of the three themes, revealing distinct mechanisms and targeted approaches.

Style over Substance: Distilled Language Models Reason Via Stylistic Rep-
lication (Lippmann & Yang, 2025) [49], published at COLM, discovered that stylistic
replication dominates reasoning transfer, establishing the diagnostic foundation for this
line of work. Models trained exclusively on stylistic patterns achieve performance parity
with models trained on complete reasoning examples, revealing that apparent com-
petence masks fundamental limitations. This finding enabled targeted synthetic data
generation — we must understand how models fail before generating data to fix them.

Positive Experience Reflection for Agents in Interactive Text Environments
(Lippmann et al., 2025) [57], published at ACL REALM Workshop, addresses challenges
in text-based interactive environments by introducing the Sweet&Sour approach that
enhances agent reflection capabilities through positive experience integration and man-
aged memory. This work demonstrates improved performance in complex reasoning
tasks that require adaptability.

llluminating Blind Spots of Language Models with Targeted Agent-in-the-Loop
Synthetic Data (Lippmann et al., 2024) [50], published at COLM ORIGen Workshop,
developed the core agent-driven methodology for targeted synthesis. This work demon-
strated substantial reduction in unknown unknown detection failures compared to untar-
geted augmentation, establishing that intelligent identification and remediation of specific
vulnerabilities achieves better results than generic approaches.

Zero-Shot Contextual Embeddings via Offline Synthetic Corpus Generation
(Lippmann & Yang, 2025) [51], published at EMNLP 2025, demonstrated contextual
adaptation efficiency, showing that targeted synthesis enables domain adaptation using
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minimal exemplars rather than large target-domain datasets. This validated the efficiency
gains possible through intelligent synthesis strategies.

Context-Informed Machine Translation of Manga using Multimodal Large Lan-
guage Models (Lippmann et al., 2024) [52], published at COLING, applied targeted
synthesis to multimodal contexts, demonstrating cross-modal generalization of the ap-
proach and validating effectiveness beyond single-modality applications.

How Do You Feel? Measuring User-Perceived Value for Rejecting Machine De-
cisions in Hate Speech Detection (Lammerts et al., 2023) [53], published at AAAI/ACM
Conference on Al, Ethics, and Society, established Magnitude Estimation methodology
for quantifying user-perceived value in Al decision-making contexts. This created the
foundation for value-sensitive escalation criteria that operate independently of potentially
miscalibrated model confidence scores.

Key Insight: Each component addresses distinct failure mechanisms through tar-
geted approaches, but individual solutions leave gaps that coordinated interaction could
address.

1.7. OUTLINE

This thesis is organized into six chapters that develop and motivate three cross-cutting
themes. Each chapter builds upon previous foundations while contributing novel theoret-
ical insights and empirical studies, while Chapter 5 synthesizes implications and outlines
future directions.

1.7.1. CHAPTER PREVIEWS

Chapter 2: Understanding Model Reasoning — Pillar 1 Chapter 2 investigates
whether distillation transfers reasoning or stylistic form via controlled ablations that sep-
arate style from logic. Key takeaway: stylistic replication can explain strong benchmark
performance without genuine reasoning, motivating targeted diagnostics.

Chapter 3: Strategic Knowledge Injection — Pillar 2 Chapter 3 develops agent-
driven targeted synthesis to identify and remediate unknown unknowns and to enable
zero-shot contextual adaptation. Key takeaway: targeted synthetic data reduces blind
spots more efficiently than generic augmentation.

Chapter 4: Human-Al Collaboration — Pillar3 Chapter 4 introduces value-sensitive
escalation using Magnitude Estimation to decide when to defer to human experts. Key

takeaway: value-based escalation improves alignment over confidence thresholds in

value-laden scenarios.

Chapter 5: Synthesis and Future Directions Chapter 5 synthesizes the three pil-
lars and outlines evaluation protocols and limitations for coordinated robustness gains.
Key takeaway: we chart a path toward integrated diagnostics—intervention— escalation
pipelines and future research directions.
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Peering Under the Hood:
The Nature of Language
Model Reasoning

This chapter addresses diagnosing robustness by clarifying when language model
reasoning reflects transferable logical processes versus surface-level stylistic replication.
First, Part | of this chapter shows that distillation on reasoning traces primarily transfers
style — structural and lexical patterns, as well as metacognitive behavior in the form of
pivots — rather than substance, accounting for much of the observed gains in reasoning
performance. Stylistically consistent synthetic traces can match emergent traces, and
even style-consistent traces that end with wrong answers improve downstream accuracy
over base models. These effects generalize across model families and tasks. Here,
correctness remains important, but observed improvements are mainly associated with
stylistic structure, underscoring the need for diagnostics attentive to style. Additionally,
we further explore language model reasoning in agentic settings in Part Il of this chapter,
showing that positive experience reflection with managed memory (short- and long-term
buffers) improves agent reliability in interactive text environments without updating
model weights, highlighting the role of interface and memory design. Together, these
findings separate internal transfer (style versus substance) from external scaffolding
(interfaces and memory), clarifying what contributes to improved reasoning performance
in practice.

Parts of this chapter are based on work published in:
« Style over Substance: Distilled Language Models Reason Via Stylistic Replication [1].
* Positive Experience Reflection for Agents in Interactive Text Environments [2].
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2.1. OVERVIEW AND MOTIVATION

Language models routinely display impressive performance on reasoning benchmarks
yet still produce incorrect answers with unwarranted certainty in deployment. Chapter 1
framed this concern regarding a lack of robustness as a Diagnostic Gap: the field
lacks systematic analyses of language models’ reasoning capabilities to distinguish
genuine reasoning from sophisticated pattern matching that tends to improve benchmark
performance but may not generalize. This chapter operationalizes this as Pillar 1 of this
thesis (Understanding Model Reasoning) by examining the nature of language model
reasoning and clarifying when observed gains reflect transferable logical processes
versus surface-level stylistic replication. The goal is not just diagnostic but also
integrative: to establish an evidentiary basis that may complement targeted synthetic
data interventions (chapter 3) and value-sensitive model alignment (chapter 4).
We ground the chapter in the following research question from chapter 1:

RQ1. To what extent do common techniques for transferring reasoning capabilities,
such as knowledge distillation, rely on replicating superficial stylistic patterns rather
than conveying substantive logical processes?

RQ1 challenges a prevailing assumption that language models acquire reasoning
by learning substantive reasoning processes from teacher models during knowledge
distillation [3]. If the learning is instead primarily stylistic rather than substantive,
apparent competence can mask brittle behavior. Diagnosing this distinction is
prerequisite to principled robustness work: structure-aware diagnostics may indicate
where synthetic data should intervene, and whether residual uncertainty should be
routed to humans or additional safeguards.

We answer RQ1 by assembling two complementary studies. Part | builds on Style
over Substance: Distilled Language Models Reason Via Stylistic Replication [1] to
separate style (structural and lexical patterns, as well as metacognitive behavior in the
form of pivots) from substance (semantic content and answer correctness) in distillation
on reasoning traces, and aims to quantify their respective contributions in order to
improve understanding of reasoning processes in language models. Part Il builds
on Positive Experience Reflection for Agents in Interactive Text Environments [2] to
show how interface and memory design — such as positive experience reflection with
managed short- and long-term memory — can shape effective reasoning in interactive
settings without updating model weights. Together, the studies address both facets
of the Diagnostic Gap: the internal character of what is transferred and the external
scaffolding that makes language models more performative and reliable in practice.

To conclude this overview and make RQ1 empirically actionable for the remainder of the
chapter, we articulate the hypotheses that guide our evaluation.

Hypothesis H1a Models trained exclusively on stylistic patterns extracted from
reasoning traces achieve comparable performance to models trained on complete
reasoning examples, measured across diverse mathematical reasoning benchmarks.
Hypothesis H1b The effectiveness of reasoning transfer correlates more strongly with
stylistic similarity than with logical validity, as shown by controlled ablations that isolate
stylistic form from semantic content in synthetic reasoning traces.
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Part | operationalizes these hypotheses via style-preserving synthetic traces and
style-versus- correctness ablations; Part Il examines their implications for agentic
scaffolding and memory design.

2.2. PARTI — STYLISTIC REPLICATION IN REASONING
DISTILLATION

2.2.1. INTRODUCTION

Reasoning is fundamental to artificial intelligence, enabling systems to solve problems,
make decisions, and explain outcomes. While traditional approaches to improving
language model (LM) reasoning emphasize increased train-time compute [4, 5], recent
research highlights that scaling test-time compute through self-refinement is similarly
effective [6]. This insight has inspired specialized reasoning-focused LMs (RLMs), such
as o1 [7] and R1 [8], which generate detailed reasoning traces of their thought process
during inference.

Reasoning traces have proven effective for distillation [3, 9], efficiently transferring
sophisticated cognitive skills from RLMs to smaller, instruction-tuned models [10].
Yet, the precise nature of the reasoning knowledge transferred remains poorly
understood [11]. In particular, it is unclear whether distilled models genuinely internalize
complex reasoning abilities or replicate superficial stylistic patterns from the original
traces. This ambiguity echoes broader Al debates about whether language models
genuinely understand content or simply engage in surface-level imitation [12—15]. This
uncertainty leads to a fundamental question: are we genuinely enhancing the reasoning
capabilities of models, or merely teaching them to mimic domain-specific patterns that
happen to improve performance on benchmarks? Motivated by this ambiguity, we aim
to establish whether style is key to improvements in reasoning, where style is
characterized primarily by structural attributes such as trace length, lexical coherence,
and backtracking frequency, rather than comprehension itself.

To examine this, we first systematically analyze successful reasoning traces produced
by state-of-the-art RLMSs, identifying recurrent structural and lexical patterns. This
analysis, guided by cognitive science frameworks that characterize critical stages in
human problem-solving [16], reveals that effective reasoning traces consistently exhibit
distinct metacognitive behaviors. These behaviors are often signaled by lexical pivots —
markers such as “Wait” or “What if” — that prompt reconsideration of assumptions or
integration of new insights.

Based on these findings, we introduce two complementary datasets explicitly
designed to clarify the role of style in improving reasoning. The first dataset,
SmolTraces (ST), comprises verified question-answer pairs with sophisticated reasoning
traces generated by a state-of-the-art RLM, displaying naturally emergent reasoning
behaviors. The second dataset, SmolTraces-HardCoded (ST-HC), is synthetically
constructed by embedding only the structural and lexical stylistic patterns identified
earlier into reasoning traces generated by a standard LM without specialized reasoning
capabilities. By comparing models trained on these datasets through supervised
finetuning (SFT) [17], we evaluate how stylistic consistency influences reasoning
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Style can drive impro inr ing
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~
[ Question: How many positive integers less than 10,000 have at most two different digits? ]

:t it 5 -
Answer: 9999 Okay, so | need to figure out ...

I missed something in my assumptions ...
To verify this formula
Now | see how this connects to the number

Wait, just to be thorough, what ...
Another way to look at this is using
Putting this together, | can count

Wait, but the problem says ..
Now, moving on to numbers with ...
— Incorrect answer Alternatively, the formula for the number

To tackle this problem, | need to .
prior to finetuning Therefore, total numbers with at most two

I need to count the number of integers

Answer: 927 Answer: 927 Answer: 927

Figure 2.1.: Reasoning trace style has noticeable influence on distilled model
performance. We show how different types of reasoning traces — emergent
traces with correct answers, synthetic traces with correct answers, and
synthetic traces with incorrect answers — affect model performance after
finetuning. All three approaches give the right answer due to improved
reasoning capabilities compared to base models. Pivots highlighted in bold.

performance. Our experiments demonstrate that even stylistically consistent synthetic
traces from a weaker model achieve comparable downstream reasoning performance,
underscoring the importance of style as a critical factor in model training.

Further experiments contextualize these findings through targeted ablation studies,
which examine the relative importance of trace correctness versus style. Remarkably,
we find that stylistically consistent reasoning traces — even those explicitly designed
to lead to incorrect conclusions — still substantially enhance downstream reasoning
performance over the base model, as shown in figure 2.1. These results underscore
that stylistic consistency significantly influences LM reasoning capabilities, providing an
explanation for the effectiveness of reasoning distillation from RLMs to regular LMs.

In summary, our work makes two major contributions: (1) we demonstrate that
distilled reasoning improvements rely heavily on stylistic patterns present in reasoning
traces; and (2) we identify specific structural and lexical features indicative of
successful reasoning. Collectively, these contributions deepen our understanding of
how language models perform reasoning tasks, and the datasets we release can serve
as valuable resources for future research into synthetic data generation and finetuning
methodologies that explicitly target the relationship between reasoning trace style and
substance.

2.2.2. BACKGROUND

Chain-of-Thought Early approaches to elicit reasoning from LMs, such as Chain-of-
Thought (CoT) [18], demonstrate that intermediate reasoning steps are key for LMs
to improve their problem-solving abilities [19]. While CoT improves performance on
reasoning tasks, it primarily focuses on generating a linear sequence of steps towards a
solution. On the other hand, RLM reasoning traces (sometimes called “long CoT”) —
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which are the focus of this chapter — differ from CoT as they do not just try to build
toward the solution linearly, but instead actively backtrack, verify, and explore different
lines of thinking.

Reasoning traces Reasoning traces are semi-structured textual representations that
capture a model’s thought process while working toward the solution of a problem
during inference. Here, additional tokens are generated before the final answer is
given to reason about the problem. These traces typically include explicit markers of
metacognition, such as planning statements, hypothesis testing, and self-correction. For
an example of a full reasoning trace, see section A.1. A key characteristic of effective
reasoning traces is the presence of pivots, points where the model explicitly moves
between different categories of metacognition. We delve into the specific types of pivots
in section 2.2.3.

Finetuning on reasoning traces Recent research has demonstrated that finetuning
language models on reasoning traces significantly enhances their reasoning
capabilities [8, 10, 20]. In this approach, detailed reasoning traces generated by
RLMs are used as training data to transfer structured reasoning behaviors into smaller,
instruction-tuned models via SFT [21]. Models finetuned on these traces consistently
outperform those trained only on final answers or simpler step-by-step solutions,
suggesting that the explicit structure and content of reasoning traces play a critical
role in improving model performance [22, 23]. Despite these successes, the precise
mechanisms underlying the effectiveness of reasoning trace distillation remain unclear,
particularly regarding the balance between structural stylistic cues and the cognitive
complexity of the reasoning itself.

2.2.3. HARD-CODING REASONING TRACES TO APPROXIMATE
EMERGENT ONES

In examining whether distilled models internalize genuine reasoning capabilities or
primarily benefit from structural and lexical patterns, we investigate the relationship
between style and substance in reasoning traces. Here, style encompasses the
structural and lexical features while substance refers to factual correctness and semantic
content. To examine stylistic influence, we develop a methodology that replicates
the structural patterns of successful reasoning while varying content, allowing us to
assess style’s contribution to reasoning distillation. We hypothesize that emergent
reasoning behaviors can be effectively approximated by encoding the metacognitive
pivots characteristic of RLM traces into synthetic reasoning traces. We define emergent
traces as those naturally produced by RLMs after training via reinforcement learning,
while synthetic traces refer to our approximations that incorporate the stylistic elements
we identify as key, but originate from standard LMs without specialized reasoning
capabilities. This approach reduces reliance on costly RLM inference’ while enabling
us to control stylistic components that potentially drive performance improvements in
distilled models.

At time of writing, the difference in API costs per token between flagship LMs and RLMs approach an
order of magnitude from the same provider: input/output pricing of $2.50/$10.00 for GPT-40 compared to
$15.00/$60.00 for o1 https://openai.com/api/pricing/ [Accessed: 2025-02-21]
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Figure 2.2.: Comparison of emergent and synthetic reasoning traces for solving the
same problem. The left side shows a reasoning trace generated by an RLM,
while the right side displays a synthetic trace created using our hard-coded
template with predefined pivots. Both approaches follow similar cognitive
stages (center): problem framing, exploration, verification, and synthesis.
The dashed boxes highlight each stage, showing that synthetic traces can
effectively replicate the style of emergent reasoning.

REASONING TRACE STRUCTURE AND PIVOT TYPES

Trace analysis Effective reasoning traces exhibit systematic structural patterns reflective
of human-like problem-solving strategies. Cognitive science literature characterizes
human reasoning as a structured process comprising distinct stages: problem framing,
hypothesis exploration, verification, and synthesis [16]. Guided by this framework, we
systematically analyze 17K successful reasoning traces produced by a state-of-the-art
RLM (see section A.2 for details) and find that effective RLM-generated reasoning traces
consistently align with these cognitive stages. Specifically, reasoning traces begin with
explicit problem framing, restating and clarifying key aspects of the problem leading
to a plan, followed by an exploration stage in which hypotheses or potential solution
paths are considered. This is complemented by a verification stage, characterized by
explicit checking of hypotheses or intermediate results, culminating in a final synthesis,
integrating insights from earlier stages into a coherent solution.

Pivot types Crucially, effective reasoning traces are rarely linear; instead, they
frequently revisit previous stages to correct errors, validate assumptions, or explore
alternative strategies. This non-linear metacognitive behavior is operationalized through
pivots — lexical markers signaling explicit shifts between reasoning stages. Our analysis
identifies four primary pivot categories, each aligning closely with a corresponding
reasoning stage: (1) Realization pivots, such as “Wait” or “Oh,” signal recognition
of errors or oversights during the exploration stage; (2) Verification pivots, initiated
by phrases such as “Let me check,” explicitly validate intermediate hypotheses; (3)
Exploration pivots, introduced with phrases such as “What if’ or “Another approach,”
prompt the consideration of alternative solution paths; and (4) Integration pivots, typically
signaled by expressions such as “Now | see how,” synthesize previously explored ideas
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into a coherent final solution. We visualize what these stages look like in practice for
emergent and synthetic traces in figure 2.2

Our analysis reveals that successful reasoning traces commonly employ multiple
pivot types (96.1% contain at least three pivot categories, additional information per type
given in section A.2), whereas unsuccessful traces frequently lack such pivots or exhibit
limited diversity.

This underscores the critical importance of structured, metacognitive transitions in
effective reasoning. Motivated by these insights, we explicitly encode these structural
and lexical patterns into a reasoning template to facilitate the generation of synthetic
reasoning traces that capture RLM-like reasoning behaviors. We show the associated
prompt structure in figure 2.3, which we subsequently use to guide reasoning trace
generation (section 2.2.3), enabling us to systematically control and isolate stylistic
reasoning elements in order to examine their impact on reasoning performance. First,
the pivot categories are explicitly defined, followed by the general stages of problem
solving that they correspond to. To generate the synthetic data, in addition to this prompt,
the teacher LM is given the question and instructions on how to format its answer.

REASONING TRACE DATA GENERATION

Collect seed data Initially we curate seed data consisting of questions and their correct
answers, ensuring that the accuracy of the eventual synthetic data can be verified.
While previous works on RLM distillation often focus exclusively on math [20], we aim to
cover a wider range of additional domains that benefit from reasoning, such as coding,
science, and logic. Specifically, for questions from several scientific domains, we select
OlympicArena [24]. For logic and coding, we select AGIEval [25] and LiveCodeBench
v4 [26], respectively. We select NuminaMATH [27], where we randomly select a subset
of 20,000 samples, and OmniMath [28] as sources of quantitative reasoning problems
for our seed data, resulting a total of 31,586 question-answer pairs.

Generate synthetic traces We use the seed data to generate high-quality synthetic
reasoning traces via state-of-the-art RLMs and LMs. For ST, we choose R1 as, at the
time of writing, it is the best performing RLM that provides its full reasoning traces as
part of its response. For ST-HC, we choose GPT-40 as our teacher model — using the
prompt structure specified in figure 2.3. We perform up to five rollouts per seed sample,
discarding incorrect responses, stopping if the model provides the correct answer. The
rollouts are done in a zero-shot manner, i.e. we provide only the question to the model
and do not keep previous attempts as context.

Filtering synthetic samples First, we filter out samples that are of short length (less
than 50 tokens for the entire trace) to prioritize sample quality, as shorter samples
typically contain few pivots and are therefore not as impactful in training. In an effort to
provide a fairer comparison, we align the datasets to the same number of samples by
downsizing the larger dataset. As the final ST-HC dataset contained fewer samples
(N = 18,242), we downsample the larger ST dataset to match this size, randomly
removing questions not present in ST-HC and ensuring both datasets used for finetuning
contain an equal number of samples. This results in a final 18K samples for both ST and
ST-HC, each in the form of a triple (question, reasoning trace, answer). We provide a
more detailed overview of the resulting datasets in section A.3.
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Prompt for Structured Reasoning with Explicit Pivots

This task requires solving problems using structured, real-time reasoning,
including explicit self-monitoring and self-correction. Mimic the thought process
of an agent that regularly pauses to reconsider assumptions, verify intermediate
results, explore alternatives, and integrate findings into coherent solutions. Use
explicit lexical pivots to signal shifts in thinking or corrections to your reasoning.

When solving the problem, follow a structured reasoning trace that clearly moves
through the following stages:

1. Problem Framing: Restate the problem and identify key elements clearly.
2. Exploration: Consider one or more potential solution paths, openly weighing
alternatives.

3. Verification: Explicitly test intermediate results or assumptions; if
inconsistencies arise, pivot explicitly to clarify or correct.

4. Synthesis: Clearly integrate findings into a coherent solution, explicitly
connecting back to the original problem.

Revisit stages as needed, backtracking in your thinking when appropriate.

When moving from one stage to the next, begin with a lexical pivot to signal the
shift:

Realization pivots (recognizing errors or oversights). “Wait—", “Oh—",
“Actually—", “I missed something—".

Verification pivots (testing assumptions or results): “Let me double-check—",
“To verify—", “Checking again—".

Exploration pivots (considering alternatives): “What if—”, “Another way to look
at this—", “Alternatively—".

Integration pivots (synthesizing ideas): “Now | see how—", “This connects
back to—", “Putting this together—".

Use concise language. Be explicit about confusion or uncertainty when it arises.
The goal is to clearly capture structured, non-linear reasoning and self-correction
while making the logic easy to follow.

Figure 2.3.: Structured prompt used to elicit staged reasoning with explicit pivot markers.

EXPERIMENTAL DETAILS

Model finetuning We finetune a range of already instruction-tuned base LMs using our
contributed reasoning datasets. For this, we select recent models of different families
and sizes, namely: Llama 3.2 3B [29], Ministral 8B [30], and Qwen2.5 32B [31]. We
choose these models as they are all high performing for their parameter count, come
with open-source weights, and have permissive licenses. The learning rate used during
SFT varies for each LM in line with the model’s parameter count. For 3B models we use
a peak learning rate of 6 x 1075, for 8B models we use 4 x 1072, and for 32B models we
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use 1 x 107 For all models we use an effective batch size of 16. All models are trained
for five epochs using a linear warmup for the first 10% of steps followed by cosine
annealing. We use the AdamW optimizer [32] with B, = 0.9 and 3, = 0.95 and a weight
decay of 1 x 107™. Training is performed on a system comprising 8 Nvidia H100 GPUs
using bfloat 16 precision.

Baselines To contextualize our findings, we evaluate (1) the base instruction-tuned
model, (2) the model after SFT on ST, and (4) the model after SFT on ST-HC.
Additionally, to gauge the impact of the particular style replication we propose versus
distilling from regular CoT, we add another baseline, where we instruct the generating
LLM to think step-by-step (SBS), following Kojima et al. [33]. We then use the resulting
CoT for distillation — similarly to how we use the emergent (ST) and synthetic (ST-HC)
reasoning traces. This comprehensive evaluation allows us to isolate the impact of our
hard-coded reasoning approach across different model sizes and compare it against the
reasoning capabilities of the model itself. For completeness, we evaluate the teacher
models used to generate our datasets as well.

Evaluation To evaluate the reasoning capabilities of all models, we select challenging,
widely used benchmarks that test reasoning capabilities. These include MATH500 [34],
AIME2024, and GPQA [35]; covering math and a range of scientific domains. Specifically,
MATH500 and AIME2024 feature 500 and 30 competition math problems, respectively.
GPQA consists of 198 questions from a range of scientific fields such as Biology and
Chemistry. We focus only on the hardest (“Diamond”) subset of this particular dataset.

2.2.4. RESULTS AND DISCUSSION
HARD-CODED REASONING RESULTS

The performance across all combinations of models and datasets evaluated in our
study is presented in table 2.1. Our results clearly indicate that models finetuned with
structured reasoning traces, whether emergent (ST) or synthetic (ST-HC), consistently
and significantly outperform their baseline instruction-tuned counterparts across all
benchmarks. Notably, even the smaller 3B and 8B parameter models exhibit substantial
performance improvements. For instance, the Llama 3.2 3B model gains over 31
absolute percentage points on MATH500 when finetuned on ST, and the Ministral 8B
model sees its AIME2024 score more than triple with either ST or ST-HC finetuning.
These findings demonstrate that smaller models can markedly benefit from structured
reasoning finetuning, challenging previous suggestions of minimal improvements for
models of this scale [10]. Comparing the two finetuning approaches, we observe
that models trained on synthetic traces achieve performance that approaches, and in
some cases matches those trained on emergent RLM traces. This demonstrates that
replicating the style of reasoning, even using a less capable teacher model guided by
our prompt, is highly effective for distilling reasoning capabilities. Finally, the results
show that while generating synthetic data with a SBS prompt is beneficial compared to
the base model, there is a significant performance gap between SBS and our ST and
ST-HC methods. This demonstrates that the performance improvements are indeed
substantially driven by the specific stylistic patterns we identified, rather than solely by
distilling the generating LLM’s general reasoning abilities.
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Model Variant Params MATH500 AIME2024 GPQA (D)
Base 3B 36.4 6.7 26.3
Llama 3.2 SBS 3B 45.8 10.0 28.3
’ ST 3B 68.4 23.3 31.3
ST-HC 3B 64.2 16.7 29.3
Base 8B 52.8 10.0 28.8
Ministral SBS 8B 60.6 16.7 31.3
ST 8B 78.2 33.3 38.9
ST-HC 8B 77.0 33.3 34.8
Base 32B 76.8 16.7 49.0
Qwen2.5 SBS 32B 78.2 20.0 495
’ ST 32B 89.0 53.3 56.1
ST-HC 32B 83.4 46.7 53.0
R1 671B 96.8 76.7 71.7
Teacher Models GPT-40 — 75.4 13.3 53.0
GPT-40 HC — 81.2 16.7 55.1

Table 2.1.: Performance comparison of language models finetuned on reasoning traces.
We compare base models against versions finetuned on SBS (step-by-step
thinking with a structured prompt), ST (emergent traces from R1), and ST-HC
(synthetic traces from GPT-40 using the structured prompt in Figure 2.3). This
evaluates the impact of reasoning trace style on downstream performance
across model scales and benchmarks. GPT-40 HC refers to the base LM
prompted with our structured style. All results are pass@1 accuracy as a
percentage.

When analyzing the thinking process during evaluation, we observe a clear correlation
between successful reasoning and longer reasoning traces, as illustrated in figure 2.4.
Models finetuned on either emergent or synthetic reasoning traces consistently produce
substantially longer outputs compared to their respective base models across all
evaluation benchmarks. This suggests that adopting and replicating a structured,
elaborate reasoning style — whether learned from emergent traces or via synthetic
ones — is a key mechanism driving the enhanced downstream reasoning capabilities
we observed. Notably, figure 2.4 shows that finetuning on ST yields slightly longer
reasoning traces than ST-HC, which correlates with their relative performance to one
another — corroborating that a larger number of tokens spent thinking typically correlates
with improved reasoning [36].

ABLATIVE STUDY

To further isolate the impact of reasoning style versus factual correctness, we conduct
an ablation study using two modified datasets. First, we create ST-HC-W by adapting
the synthetic ST-HC traces to retain their stylistic structure while leading to incorrect
final answers generated by GPT-40-mini (details given in section A.4). Second, we
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Model Variant Params MATH500 AIME2024 GPQA (D)
Llama 3.2 ST-HC-W 3B 48.2 10.0 284
' ST-NT 3B 40.6 6.7 26.9
Ministral ST-HC-W 8B 62.8 20.0 29.9
ST-NT 8B 56.2 13.3 30.0
Qwen2.5 ST-HC-W 32B 80.2 26.7 51.3
) ST-NT 32B 78.8 20.0 49.8

Table 2.2.: Ablation study evaluating the distinct contributions of reasoning trace style
and answer correctness. We compare model performance after finetuning on:
(1) ST-HC-W, featuring stylistically consistent synthetic traces from ST-HC
but deliberately leading to incorrect answers, and (2) ST-NT, containing only
the question-answer pairs from ST without reasoning traces. All results are
pass@1 accuracy as a percentage.

create ST-NT, which contains only the question-answer pairs from the original ST data,
removing the reasoning traces entirely. The results, presented in table 2.2, reveal
several key insights. Models finetuned on ST-HC-W consistently outperform the base
instruction-tuned models across all evaluation benchmarks. This demonstrates that
learning the stylistic patterns of reasoning enhances problem-solving capabilities even
when the training data’s final conclusion is incorrect. However, ST-HC-W models
perform noticeably worse than those trained on the stylistically similar but factually
correct ST-HC dataset, confirming the value of accurate data. Unsurprisingly, models
trained on ST-NT show only modest gains over the base models, as they do not learn to
generate additional thinking tokens in the style of an RLM during inference.

These ablations confirm that while factual correctness is important for optimal
performance, the stylistic patterns inherent in reasoning traces play a critical role in
enhancing the reasoning abilities of distilled models. Crucially, we do not claim that style
alone improves reasoning as the body of the traces still contains correct reasoning up
until the answer, but rather emphasize that style is essential for improving reasoning
capabilities. Thus, unlike traditional distillation methods relying predominantly on sample
correctness, our results suggest that explicitly transferring a specific output structure is
important.

2.2.5. RELATED WORK

Language model reasoning Language model reasoning has received increasing
interest in recent years [37]. Initially, LMs were conditioned on reasoning examples
during pretraining, post-training or in-context to improve their reasoning capabilities [18,
19, 38, 39], but test-time scaling [6, 36] has introduced a new paradigm for improving
LM reasoning. Further, DeepSeek-Al et al. [8] explore training RLMs with reinforcement
learning, finding that they mimic human reasoning processes like self-reflection and
verification. The resulting RLMs provide reasoning traces as training data to enhance
LM reasoning ability. Our work demonstrates that the structural and lexical patterns in
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Figure 2.4.: Average token count by model family and training dataset across
evaluations.

these traces play a significant role in improving reasoning performance, offering insights
into what is actually transferred during reasoning distillation.

Generalization in language models Generalization in language models implies
the ability to tackle unseen problems rather than simply reciting training data [40].
LMs struggle with problems that differ from their training distribution, often closely
following observed patterns down to individual terms [41]. Recent research shows LMs
rely heavily on memorized patterns rather than developing generalizable reasoning
capabilities [42]. This pattern-matching behavior is especially evident in mathematical
reasoning, where LMs show variance across different instantiations of the same question
and declining performance when only numerical values change [15]. Data contamination
has also been identified as a source of apparent but false generalization [43]. Our
work extends this discussion by investigating how stylistic patterns in reasoning traces
influence model performance, revealing that structural elements of reasoning may be as
important as factual content for enhancing problem-solving capabilities.

Reasoning distillation Distillation has long been used to improve various aspects
of machine learning models [3, 9, 44]. For reasoning tasks with verifiable solutions,
researchers have implemented rejection sampling methodologies that extract and
validate advanced models’ reasoning processes [45]. More recently, significant
performance improvements have been achieved through SFT on synthetic datasets
generated by superior LMs [46]. With the emergence of RLMs, reasoning performance
of instruction-tuned LMs can be substantially enhanced by finetuning on high-quality
reasoning traces [8]. Multiple efforts have demonstrated success in distiling RLMs
via SFT on reasoning traces that contain step-by-step thinking [10, 20-23]. Our
work attempts to decompose what is actually being transferred during this distillation
process, revealing that stylistic elements of reasoning traces contribute significantly to
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performance gains independent of their factual correctness.

2.2.6. CONCLUSION

Our work challenges existing assumptions by demonstrating that improvements in
reasoning capabilities in distilled language models can be driven by stylistic replication.
By analyzing reasoning traces through the lens of established principles from cognitive
science on how humans solve problems, we identified structural patterns and key lexical
markers (pivots) characteristic of effective LM reasoning. We validated these findings
by synthetically replicating the stylistic patterns found in emergent reasoning traces
using a weaker model, achieving comparable downstream reasoning performance
after distillation. Ablation studies confirmed that even reasoning traces with incorrect
solutions enhance downstream performance, highlighting the effectiveness of stylistic
mimicry in distilled models. Collectively, our results contribute to a deeper understanding
of reasoning in language models and offer practical insights into efficient finetuning
strategies and data generation practices.

2.3. PARTII — FROM STYLISTIC FINDINGS TO AGENT
INTERFACES AND MEMORY

Part | (Section 2.2) established a central diagnostic: a significant share of reasoning
transfer in distillation can be accounted for by effective stylistic replication, irrespective
of answer correctness [1]. To further pursue the Diagnostic Gap, better understand
model reasoning, and make robustness actionable we must separate the internal signal
that models learn from the external scaffolding that determines what context is available
to the model at decision time. This is addressed in Part Il (Section 2.4).

If the presence and arrangement of structured intermediate thinking tokens are key
correlates of success, then agent interfaces and tools that shape when and how such
structure is expressed should matter, even without updating model weights. Concretely,
prompts that cue thinking processes, reflections that elicit particular thinking processes,
and memory can surface and leverage the very regularities that proved beneficial in
Part I. Conversely, cluttered, unstructured, or failure-only contexts can suppress those
regularities, leading to the same brittle behavior that Chapter 1 flagged as part of the
Diagnostic Gap.

We therefore read the Part | results as generating testable design hypotheses for
agents in interactive environments: (i) interfaces that encourage staged reasoning and
pivot diversity should stabilize decisions across steps; (ii) success-aware context should
help retain useful structure after early wins, mitigating tilt; and (iii) retrieval should be
budgeted and de-duplicated to preserve the signal rather than drown it. This line of
thinking directly motivates the two elements studied in Part Il: experience reflection and
managed memory.

Experience reflection augments a language model’s context by collecting succinct
takeaways when subgoals are reached in an interactive environment, thereby reinforcing
the patterns (verification, synthesis, reframing) that Part | associated with stronger
performance. Managed memory organizes these takeaways and makes them available
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to the language model when needed. Together, these choices aim not to manufacture
reasoning but to surface the structured behavior models already express when given the
right context using external scaffolding.

This perspective also clarifies scope and limits. Part Il assesses reliability at the
behavioral level without updating model parameters. The result is a conceptual
through-line for Pillar 1: Part | explains what internally tends to transfer through
distillation (style versus substance), while Part || examines how external scaffolding
in the form of interface and memory design governs whether that structure leads to
improved reasoning and robustness. In doing so, Part Il operationalizes the agenda from
Chapter 1 by turning diagnosis into concrete, testable design decisions for language
model-based agents.

2.4. POSITIVE EXPERIENCE REFLECTION IN INTERACTIVE

ENVIRONMENTS

2.4.1. INTRODUCTION

Intelligent agents, designed to interact with and make decisions in dynamic environments,
have become a central focus in Al research, with text-based games (TBGs) emerging as
a particularly challenging domain for evaluating these agents’ reasoning, adaptability,
and learning abilities [47, 48]. Originally popular in the 1970s as text adventure
games,” TBGs present players with textual descriptions of environments, requiring
them to input natural language commands to achieve objectives [49]. For instance,
determining if a metal fork is conductive involves locating the fork, assembling a circuit,
and analyzing the result. Navigating TBGs demands that agents exhibit a combination
of abilities, including planning, memory retention, spatial reasoning, and common sense
knowledge [50, 51].

Previously, deep reinforcement learning and behavior cloning were the primary
approaches to develop agents to play TBGs [51, 52]. However, recent research shows
that agents based on pretrained large language models (LLMs) are more effective at
navigating TBGs [53]. A key factor in their success is the integration of internal reflection
to improve planning [54—-56].

Self-reflection, closely related to self-refinement, is a form of reasoning that occurs
after receiving binary or scalar feedback from the environment [57]. In this process,
the LLM reviews its actions and their outcomes, considering what went wrong and
potential ways to improve [58]. By iteratively adjusting its strategy based on verbal
reinforcement, conveyed through textual feedback, the agent refines its planning for
subsequent attempts [59]. However, reflection also has several limitations, including (1)
underwhelming performance when agents are correct initially [39], (2) significantly worse
efficacy when using smaller LLMs [53], and (3) dependence on external feedback [60].

In this work we conduct a comprehensive analysis of LLM-based agents employing
reflection approaches in TBGs and evaluate their performance across various LLMs.
To address the limitations of reflection when agents are initially successful and the

“Try it yourself: https://www.microsoft.com/en-us/research/project/textworld/
try-it/
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diminished efficacy of smaller LLMs, we propose Sweet&Sour (S&S) to leverage
positive experiences to create a richer context for self-reflection. We supplement this
by proposing a managed memory approach to build context across multiple rollouts.
Our findings demonstrate that our method improves the performance of agents using
reflection, particularly in scenarios where they previously struggled, enabling more
robust and generalizable learning.

2.4.2. BACKGROUND

Text-based games (TBGs) provide a controlled setting for studying decision- making
under partial observability. They can be modeled as a partially observable Markov
decision process (POMDP) [61] with tuple (S, T,A,Q,R,y), where S is the set of
latent states, A the (textual) action space, Q the observation function, R the reward
function, and y a discount factor. At time t, the agent receives observation o, sampled
from Q(o; | s;, a;.1) and chooses a text action a;; both observations and actions are
sequences of tokens. Admissible actions are those that change the environment state;
non- admissible actions leave the state unchanged and yield no progress.

Prior approaches organize language-model agents for these environments along a
continuum of reasoning and memory. CALM leverages imitation learning with a DRRN
reranker to improve action selection [52]. ReAct interleaves reasoning and acting to
compose useful context at each step, but does not persist auxiliary structure across
attempts [62]. Reflexion augments ReAct with failure-based self-reflection, writing
takeaways to a long-term memory (LTM) that is retrieved in subsequent attempts [59].
More broadly, recent surveys highlight the role of reflection and planning for LLM
agents [54-56].

Within this landscape, we consider two complementary design elements that will be
developed in Section 2.4.3: (i) positive experience reflection, which captures succinct
insights on subgoal success rather than only failures, and (ii) managed memory, which
uses a dual-buffer design with short-term memory (STM) available within the current
episode and LTM persisted across episodes. These choices target regimes where
failure-only reflection underperforms (e.g., when initial attempts succeed or models are
smaller), while preserving the simplicity and generality of text-based interfaces.

2.4.3. METHODOLOGY

We summarize the action—observation—reflection loop, define the Sweet&Sour reflection
mechanism, and describe managed memory.

LLMSs PLAYING TEXT-BASED GAMES

Assuming an LLM behaving as an actor model as part of our agent—i.e., generating
actions based on the current state and policy, analogous to traditional policy-based RL
setups —we sample an action a; from the current policy gy at time t and receive an
observation from the environment o,. Each task consists of a number of sub-tasks (such
as finding a key object), the completion of which grants the agent a sparse reward, which
adds to its current reward r;. The game continues until the agent has achieved the goal
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d and receives the full reward as final score, or the maximum number of steps —which
we set to 150 —is reached, in which case r; becomes the final score. A detailed problem
formulation is given in Section 2.4.2; formal POMDP details appear in Appendix B.1.

SELF-REFLECTION

Reflection occurs in addition to the acting LLM. Here, the agent reviews a; and o;
associated with previous unsuccessful attempts to verbalize the reason for failure. This
process typically involves maintaining a persistent history of insights gained across
attempts, which the LLM uses as additional context for its reflections to improve future
decision making for the next attempt [59]. However, since other self-reflection methods
focus on learning from failures [63—67], they overlook the importance of reinforcing
successful behaviors in a similar way.

SWEET&SOUR

Positive experience reflection. To address the limitations of existing self-reflection
methods, we introduce a structured approach to leverage reflections from both positive
(sweet) and negative (sour) outcomes. Unlike Reflexion, which passively accumulates
failure-based insights, S&S actively queries the agent for generalizable insights both
from failure and success cases, promoting a more balanced context-building mechanism.
Here, we draw inspiration from RL, where rewards steer the agent towards reinforcing
advantageous behaviors and preventing over-reliance on error correction. When the
current policy is achieving rewards, we query the agent to extrapolate, encouraging the
agent to articulate what made its current policy successful and what can be generalized
from this, reinforcing strategies that lead to positive outcomes while still learning from
failures. This is visualized in figure 2.5. The full algorithm is shown in Algorithm 1;
qualitative examples are provided in Appendix B.2. Our method is broadly applicable to
agents in environments with feedback using selfreflection, including those that build
additional complexity on top of the core reflection loop, such as grounding [53] or
gradient learning [67].

MANAGED MEMORY

Previous works store reflections gained from unsuccessful attempts in something akin to
a long-term memory and make them available as additional context across attempts [59,
66]. This implies that the agent only has access to additional context upon failing
the task —essentially brute-forcing the problem across rounds. We instead adopt a
dual-buffer design with short-term memory (STM) within an episode and long-term
memory (LTM) across episodes, with controlled migration. Positive reflections on
subgoal completion are immediately written to STM so they are available in the next
decision window; on episode end, STM is migrated to LTM if the episode was successful.
If the episode fails, a concise negative reflection is written to LTM and STM is reset. At
each step, the agent retrieves a small, budgeted subset from (STM, LTM) to avoid
prompt bloat and keep context relevant.
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Figure 2.5.: Comparison of methods used to play ScienceWorld. ReAct introduces a
THINK action to explicitly reason about the next step, which does not
persist across attempts. Reflexion leverages self-reflection across attempts
to learn from unsuccessful tries and stores these in long-term memory
(LTM). Sweet&Sour not only performs self-reflection after failures but also
after each completed subgoal, making its reflection instantly available at
the next time step as part of short-term memory (STM), thus incorporating
positive experiences.

2.4.4. EVALUATION SETUP

We evaluate in ScienceWorld, compare against standard agent baselines, and run
across multiple LLMs to assess size and model-family effects.

DATA AND ENVIRONMENT (SCIENCEWORLD)

We use the ScienceWorld benchmark [48], which provides a versatile setting for
evaluating agents in science experiment tasks across interconnected locations (e.g.,
greenhouse, workshop) with hundreds of objects and a diverse set of action templates,
creating a large and dynamic search space. We evaluate on the test set, which offers up
to 10 variations of each of 30 distinct tasks with an average optimal decision depth of
about 50 steps. We measure performance using the success score, where completing
all sub-tasks earns a score of 100. We elect ScienceWorld over earlier interactive text
benchmarks due to their relative simplicity for current LLM-based agents. We provide
additional results on the simpler environmentALFWorld [68] in Appendix B.3.

BASELINES

CALM [52] integrates a deep reinforced relevance network (DRRN) [69] with a causal
language model trained via imitation learning on oracle trajectories; DRRN reranks LM
action candidates. ReAct [62] is our LLM-based agent baseline, interleaving explicit
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Algorithm 1 Sweet&Sour Reflection Process with Short- And Long-Term Memory

Require: Initial observation o, containing goal description d
Require: Maximum steps T = 150

1: Initialize short-term memory Mg; « @

2: Initialize long-term memory M;; « @

3: Initialize current reward r < 0

4: for each episode do

5: t<0

6: while t < T and goal not achieved do

7 Retrieve reflections from Mgy and M, ;

8: Sample action a; ~ mg(a; | 0y, Mgy, M;7)

9: Execute a;, observe o,,,, potentially receive reward r,

10: Frer+r

1: if subgoal achieved then

12: Generate positive reflection R;

13: Msr < Mgy U{(R, 0, ay, 1)}

14: end if

15: tet+1

16: end while

17: if goal achieved then

18: M7 < M7 UMgy Transfer successful memories
19: else
20: Generate negative reflection R;
21: Mz < Mz U{(R;, 04 G 1)}
22: end if
23: Mgy « @ Reset short-term memory
24: end for

reasoning with acting at each step and carrying useful information forward as in-context
examples. Reflexion [59] augments ReAct with self-reflection across attempts based on
environment feedback, accumulating a long-term memory over up to four rounds before
termination.

MODELS AND PROTOCOL

We assess each method with multiple LLMs to probe scaling and family effects. In
descending parameter order, we use GPT-40, Mistral Large 2, and Llama 3.1 8B. Across
methods we standardize decoding and stopping criteria per benchmark guidance, and
we report average scores across task variations for each task, then average across
tasks.

2.4.5. RESULTS AND DISCUSSION
The main ScienceWorld results are summarized in table 2.3.
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Task CALM ReAct Reflexion Sweet&Sour (ours)
CALM L8B ML2 GPT L8B ML2 GPT L8B ML2 GPT

1-1 (Boil) 0.0 0.0 0.0 3.8 0.0 0.0 5.1 0.0 7.2 9.6

1-2 (Melt) 0.0 8.4 10.3 11.8 0.0 0.0 10.0 11.4 121 12.8
1-3 (Freeze) 0.0 1.5 0.0 8.1 0.0 2.3 8.3 24 3.1 8.9

1-4 (Change state) 0.0 1.0 4.7 10.0 0.0 0.0 4.2 1.7 2.9 9.2

2-1 (Thermometer) 1.0 5.1 7.8 7.7 34 4.2 7.6 7.8 9.7 10.9
2-2 (Melting) 1.0 6.7 6.3 5.9 3.3 33 26.2 7.9 36.8 46.0
2-3 (Melting) 5.0 9.1 11.8 234 132 147 22.6 15.2 29.0 38.3
3-1 (Power 1) 7.0 18.8 24.6 57.2 21.2 515 78.4 28.6 75.4 81.1

3-2 (Power 2) 2.0 10.2 247 556 9.5 11.9 24.7 23.3 445 58.0
3-3 (Conductivity 1) 2.0 524 517 73.0 9.2 25.8 721 59.1 69.2 75.7
3-4 (Conductivity 2) 10.0 542 649 89.7 354 416 751 62.7 60.3 67.3
4-1 (Find 1) 54.0 173 187 275 446 481 62.3 417 7.7 74.2
4-2 (Find 2) 10.0 69.1 716 803 684 757 87.3 76.8 100.0 100.0
4-3 (Find 3) 8.0 213 428 477 184 165 17.3 20.9 215 34.3
4-4 (Find 4) 2.0 157 152 193 396 466 100.0 551 87.8 100.0
5-1 (Grow plant) 4.0 10.8  10.8 10.0 7.2 7.2 7.9 14.2 14.6 17.4
5-2 (Grow fruit) 3.0 18.1 185 192 308 514 34.6 51.5 55.6 60.2
6-1 (Chemistry 1) 6.0 378 429 586 271 297 70.2 37.9 61.1 70.2
6-2 (Chemistry 2) 3.0 250 2741 506 144 28.0 69.8 27.2 51.9 83.1

6-3 (Chemistry 3) 6.0 144 175 397 389 31.1 16.7 453 53.7 61.5
7-1 (Lifespan 1) 10.0 370 417 600 750 750 100.0 75.0 88.2 100.0
7-2 (Lifespan 2) 4.0 505 507 675 600 719 81.4 70.5 77.0 80.0
7-3 (Lifespan 3) 4.0 337 382 500 295 337 75.0 51.1 54.2 84.6
8-1 (Identify life 1) 0.0 5.1 189 253 1.7 1.7 34 11.1 10.3 14.2
8-2 (Identify life 2) 0.0 6.4 7.4 8.0 74 8.0 8.0 5.0 74 74

9-1 (Measure angle) 0.0 285 33.0 425 56.9 55.1 571 68.4 70.3 75.0
9-2 (Friction 1) 3.0 145 226 431 234 293 100.0 333 36.7 62.0
9-3 (Friction 2) 2.0 2.9 145 428 1.3 33.6 59.6 7.2 51.9 63.1

10-1 (Genetics 1) 2.0 257 273 264 5.6 9.8 50.4 38.9 48.6 78.8
10-2 (Genetics 2) 2.0 132 1941 17.2 6.2 215 22.7 23.6 24.0 54.8
Average 5.1 205 248 360 21.7 27.6 45.3 325 44.6 54.6

Table 2.3.: Results on the ScienceWorld benchmark. For each method, we use Llama
8B (L8B), Mistral Large 2 (ML2), and GPT-40 (GPT). Each value is an
average of across all task variations. Best average values per model are
underlined.

Sweet&Sour outperforms baselines. S&S outperforms other methods across all LLMs,
achieving the highest average score of 54.6 with GPT-40. The gap widens for smaller
models: for example, S&S reaches 44.6 versus Reflexion’s 27.6 on Mistral Large 2, and
32.5 versus 21.7 on Llama 8B, indicating greater suitability when compute is limited.
Ablations demonstrate complementary contributions. We ablate positive and
negative reflections to assess their separate contributions. With failure-only reflection,
performance drops to Reflexion-like levels (averages 24.6, 31.1, 44.9 on Llama 8B,
Mistral Large 2, and GPT-40, respectively). Using positive-only reflections remains
above ReAct (25.8, 32.4, 42.3) but is less effective than negative-only. Removing
managed memory in favor of a simple LTM decreases scores to 28.2, 38.5, and
48.7 % still exceeding Reflexion but averaging 12.4 % below S&S. Together, these
results indicate that negative reflections, positive reflections, and managed memory
each help, and their combination is strongest.

Robustness to tilt. On very hard tasks (e.g., 1-1, 8-2), all methods struggle, and on
easy tasks, most methods succeed given model capacity. Medium-difficulty tasks (e.g.,
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6-3, 10-2) reveal a gap: Reflexion may start strong but get stuck after the first error. We
hypothesize that failure-only methods lack context from early successes, making them
prone to “tilt”. By contrast, S&S’s balanced reflection injects success context, sustaining
performance in these regimes.

2.4.6. QUALITATIVE EXAMPLES

Qualitative transcripts illustrating the reflection loop and managed memory effects are
shown in Appendix B.2.

2.4.7. CONCLUSION

We introduced Sweet&Sour, a reflection approach that leverages both successes and
failures and organizes context through managed memory (STM/LTM). In ScienceWorld
(with ALFWorld corroboration), S&S outperforms standard baselines across model sizes,
with especially strong relative gains for smaller LLMs. These findings highlight the value
of positive experience reflection and memory design in developing more robust agents
for interactive text environments.

2.4.8. LIMITATIONS AND BROADER IMPACTS

Limitations. While results are promising, our evaluation focuses on ScienceWorld with
additional ALFWorld corroboration; broader interactive settings may present different
challenges. LLMs provide no formal guarantees regarding reasoning quality, and
reliance on textual reflection may introduce biases or inconsistencies in behavior.
Broader impacts. LLM agents carry risks of misuse and unintended negative
consequences [70]. Improving agent performance can be dual-use. Our study
mitigates risks by relying on simulated benchmarks and by aiming to reduce error rates;
nonetheless, responsible deployment requires careful oversight and domain-appropriate
safeguards.

2.5. CONCLUSION

This chapter advanced Pillar 1 by clarifying what is learned and what is expressed
when language models appear to reason, and by showing how interface and memory
design govern the reliability of that behavior in interactive settings. Part | (section 2.2)
disentangled style and substance during distillation on reasoning traces. We found that
structural regularities found in the reasoning traces account for a substantial share
of the measured improvement, with synthetic traces that preserve these regularities
approaching the gains of emergent traces. While correctness still matters, style alone
explained large differences in performance across model families and tasks. Further, we
found that longer, more structured outputs correlated with higher accuracy. These results
sharpen the Diagnostic Gap from Chapter 1: without distinguishing stylistic replication
from transferable logical processes, we risk overestimating language model robustness.

Part Il (section 2.4) translated those diagnostics into agent design in interactive text
environments. Positive experience reflection (Sweet&Sour) and managed memory
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improved reliability across model sizes, particularly for smaller models and in regimes
prone to tilt. Crucially, these gains were achieved without updating model parameters:
the interface supported structural patterns that are conducive to reasoning.

Taken together, the evidence yields three implications. First, supervision and
evaluation should be style-aware: encourage staged thinking processes and track
structure (e.g., trace length, pivot diversity) alongside accuracy, while maintaining
strict quality control to ensure correctness. Second, agent interfaces are part of the
robustness story: positive experience reflections and managed memory can improve
reasoning behavior when initial attempts succeed and reduce susceptibility to brittle
behavior after encountering errors. Third, style is a means, not an end: it is a diagnostic
and a design signal for data and interfaces, not a substitute for factual or domain
adequacy.

Limitations remain. Our analysis focuses on math and scientific reasoning
benchmarks and on two interactive environments. We do not make claims about internal
representations beyond what is evidenced by behavioral correlates, and we caution
that style-driven gains can obscure deficits in semantic competence if not paired with
verification. These constraints motivate care in generalization claims and underscore
the need for effective robustness interventions.

This chapter therefore provides the conceptual through-line for the remainder of the
thesis. Chapter 3 leverages the stylistic diagnostics to guide targeted synthetic data that
addresses discovered weaknesses while preserving in-domain performance. Chapter 4
turns to governance in value-laden settings, using elicited user-perceived value to
determine when to trust or escalate, rather than relying on confidence alone.
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Knowledge Injection:
Mitigating Blind Spots and
Adapting to New Contexts

This chapter develops targeted knowledge injection as a mechanism to improve
language model robustness. First, we propose an agent-in-the-loop framework that
diagnoses blind spots — clusters of unknown unknowns (UUs) where models err with
high confidence — and synthesizes targeted training data to mitigate them and thus
improve model robustness. Across classification tasks, we show that this approach
reduces UUs substantially while preserving overall accuracy. Second, we propose
zero-shot contextual adaptation for embedding models. Here, we construct a compact
synthetic proxy corpus from a handful of exemplar documents to emulate domain
statistics and provide contextual knowledge at inference time. Without accessing the
target corpus, this approach attains near-parity with corpus-aware methods. We further
motivate the role of contextual knowledge in multimodal settings, particularly in domains
where visual cues disambiguate language. Together, these reactive and proactive
mechanisms show how targeted synthetic knowledge can measurably alleviate failure
modes and enable adaptation under constrained settings.

Parts of this chapter are based on work published in:
* llluminating Blind Spots of Language Models with Targeted Agent-in-the-Loop Synthetic Data [1].
» Zero-Shot Contextual Embeddings via Offline Synthetic Corpus Generation [2].
* Context-Informed Machine Translation of Manga using Multimodal Large Language Models [3].
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3.1. OVERVIEW AND MOTIVATION

Robust language model performance depends not only on increasing the amount
of training data, but also on incorporating the right knowledge or context at the
right time. Diagnostics from Pillar 1 (Chapter 2) show that models can succeed
by replicating stylistic patterns rather than by explicitly learning to reason from first
principles. Models that lack robustness are more likely to exhibit blind spots, where
they fail confidently on inputs that differ from learned content [4—7]. This risk aligns
with long-standing observations on out-of-distribution data and adversarial fragility in
language models [8—10]. This chapter presents Pillar 2, operationalizing knowledge
injection as the targeted introduction of critical information — via synthesized data at
training time or (synthetic) context at inference time — to remediate such gaps and
improve model performance and robustness without indiscriminately changing model
behavior.
We ground the chapter in the following research question from Chapter 1:

RQ2. How effectively can an agent-driven approach that identifies model blind spots
and generates targeted synthetic data mitigate specific failure modes compared to
untargeted data augmentation approaches?

Unlike generic data augmentation, targeted knowledge injection is conditioned on
observed failure modes and is designed to either adjust the model’s parameters or
context to alleviate any such failures, while preserving or improving overall accuracy.

When focusing on factual knowledge, knowledge injection corrects or enriches specific
concepts by adding minimally sufficient data that disambiguates entities, relations, or
facts; for example, inserting a counterexample that clarifies an acronym’s expansion
in a domain where multiple possible expansions exist. When focusing on contextual
knowledge, knowledge injection supplies distributional and situational cues that condition
representations at inference time to resolve ambiguity. Structurally, knowledge injection
shapes thinking processes so that the model attends to task-relevant information
in the best possible way, such as template tags or schema fields that make roles
explicit. Across all of these, knowledge injection addresses a distinct absence of crucial
knowledge — missing facts, missing context, or missing structure.

Two complementary mechanisms instantiate this approach. First, we propose an
agent-in-the-loop pipeline that discovers, characterizes, and mitigates blind spots by
synthesizing minimal, targeted examples that improve language model robustness
when added to the training data. Second, zero-shot contextual adaptation is shown to
be effective in replacing direct access to a target corpus with a compact, synthetic
proxy corpus generated offline from a handful of exemplar documents, enabling
context-aware embeddings and zero-shot adaptation without accessing potentially
private or unavailable data. Finally, a multimodal case study in manga translation studies
how and why visual cues function as contextual knowledge that resolves linguistic
ambiguity and supports high performance in low-resource settings, and proposes a
multimodal approach to best inject visual context for robust translation performance.

In this chapter, Section 3.2 introduces a knowledge injection pipeline for blind spot
discovery and targeted sample synthesis. Next, Section 3.4 introduces zero-shot
contextual adaptation and its offline synthetic proxy-corpus generation. Finally,
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Section 3.6 motivates contextual knowledge through a multimodal translation case and
studies its effectiveness. Section 3.7 synthesizes findings and bridges to Pillar 3,
value-sensitive Al alignment.

To make RQ2 empirically actionable for the remainder of the chapter, we articulate the
hypotheses that guide our evaluation.

Hypothesis H2a An agent-driven targeted synthesis approach significantly reduces
unknown-unknown (UU) failures compared to untargeted data augmentation, while
preserving overall accuracy, as measured across diverse tasks including classification,
factuality, and domain adaptation scenarios.

Hypothesis H2b Agent-identified blind spots correlate strongly with human expert
assessments of model vulnerabilities, indicating that the diagnostic patterns surfaced by
the agent faithfully capture the underlying failure modes.

Part | (Section 3.2) tests H2a directly by comparing UU rates and accuracy against
augmentation baselines, and probes H2b by aligning agent-discovered patterns with
human assessments. Part Il (Section 3.4) evaluates H2a in the context of zero-shot
adaptation, asking whether compact synthetic proxy corpora close the performance gap
to corpus-aware methods without degrading global accuracy. The multimodal case
study of Part Il (Section 3.6) provides complementary evidence on injecting contextual
knowledge to remediate ambiguity.

3.2. PARTI: AGENT-IN-THE-LOOP BLIND SPOT
MITIGATION

3.2.1. INTRODUCTION

Language models (LMs) have achieved remarkable accuracy across a wide range
of predictive tasks, but remain vulnerable to out-of-distribution data [8—10]. Small,
lightweight LMs — while easier to train and run on limited hardware, and therefore favored
in domain-specific applications — are especially prone to UUs due to their reduced
robustness [11, 12]. Larger LMs, although generally more robust, require significant
computational resources for both training and inference, limiting their usability [13]. This
vulnerability often leads to prediction errors, including in high-stakes applications such
as suicide prevention [14] and criminal justice sentencing [15], where reliable and
unbiased predictions are critical. A particularly challenging class of errors, referred to as
unknown unknowns (UUs), occurs when the model confidently misclassifies an input as
the incorrect label [4]. These UUs tend to cluster into blind spots in the feature space,
areas where the model consistently produces high-confidence misclassifications due to
biases in the training data [7, 16]. On the left side of Figure 3.1 we show an example of a
mispredicted label at a high confidence, resulting in a UU, that forms part of a blind spot.

The identification of UUs and blind spots has been extensively studied [4-7], including
approaches involving human oversight to aid in detection [17, 18]. Mitigating blind
spots — especially how to move from identified blind spots to unseen ones — remains an
unresolved challenge. Simple approaches to tackling only already discovered blind
spots, such as relabeling previously identified UUs and using them for additional
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training [18], do not scale and fall short of ensuring a holistic reduction in blind spots.
Thus the only blind spots of the model that can be illuminated using such reactive
approaches are those that correspond to seen data, with those that correspond to
unseen data remaining out of reach.

In this chapter, we introduce an agent-in-the-loop workflow that proactively mitigates
blind spots of LMs by employing intelligent agents — either humans or large LMs —
to characterize blind spots and subsequently generate targeted synthetic data. We
pose that the key to mitigating these blind spots lies in the generalization abilities of
the agent, allowing them to hypothesize patterns of discovered UUs and similarities
between seen and unseen UUs using prior knowledge [19-21]. To this end, we guide
agents to formulate these hypotheses in natural language, either describing the found
blind spot consisting of discovered UUs (abstraction) or reasoning about undiscovered
blind spots (extrapolation), as is shown in Figure 3.1. Using these hypotheses, we
guide agents toward the generation of synthetic samples targeted at blind spots,
improving the robustness of LMs through subsequent retraining by reducing the number
of high-confidence misclassifications without sacrificing overall predictive accuracy.
Our workflow is designed to flexibly integrate intelligence from both humans and LMs,
with specific mechanisms to incorporate human computation or LMs. Additionally, the
workflow can incorporate existing adversarial attack methods to proactively illuminate
blind spots, further enhancing its adaptability and effectiveness.

Our workflow proves to be a viable means of distilling knowledge from intelligent
agents to small LMs, making them more robust while maintaining their lightweight
advantages. Through our comprehensive experiments, we find that our method is
capable of substantially reducing the number of high-confidence misclassifications
without decreasing accuracy. On average, we are able to reduce the number of UUs by
19.08%. Further, we show that for our method LMs are more effective overall than
human agents, achieving a 22.37% reduction in UUs compared to a 15.78% reduction
when using human-generated data. Additionally, LM-generated data are far more
economical, making them a more scalable solution for improving the robustness of small
models. Finally, we observe that humans surpass LMs in certain tasks, particularly
those that align more closely with human intuition due to participants’ greater familiarity
with them.

3.2.2. AGENT-IN-THE-LOOP TARGETED DATA GENERATION

Our proposed approach to blind spot mitigation involves engaging a human or LM in three
tasks: hypothesis generation via abstraction, hypothesis generation via extrapolation,
and synthetic sample generation. These tasks are designed to characterize and mitigate
blind spots, ultimately reducing high-confidence misclassification. The workflow is
schematically illustrated in Figure 3.1. The human computation component of our study
is implemented through a survey study, the details of which are provided in Section C.2,
while the equivalent LM prompts are given in Section C.3.
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Figure 3.1.: In a sentiment classification task, we begin with a UU resulting from a
perturbation — denoted by a cross in the feature space. This UU is
then used to generate an initial hypothesis via abstraction through human
computation or an LM. This abstraction hypothesis can then either be used
to generate a synthetic sample that target the existing blind spot or to
generate a new hypothesis via extrapolation, which in turn is then used to
generate synthetic samples targeting an unseen blind spot.

PROBLEM FORMULATION

For UU discovery, let the dataset be & = {(X4, Y1), ---, (X, ¥)}, Where x is the original
text sample and y the original ground truth label. Without having access to y, a
predictive model 6 is tasked with generating a label prediction Yp = 0(x) at a confidence
¢ € [0,1]. Formally, a UU occurs when (1) 8 predicts the wrong label y, # y and (2) the
prediction is made with high confidence ¢ > T.

In this work, in addition to dealing with the blind spots that naturally occur in models
as a result of training, we make use of adversarial UU discovery, where we increase
the number of misclassifications by introducing perturbations. For this, a black-box
adversarial perturbation model G generates perturbed samples X = G(x), where X # X.
The model 6 is then used to predict new labels y; = 0(x;) at a confidence c. The
resulting perturbed dataset, denoted &, consists of the new samples and predicted
labels (X,y’). If a perturbation occurs, there is an additional requirement for a
misclassification to be considered a UU: (3) X, regardless of its label indicated by 6,
maintains the same underlying true label y as x post perturbation.

Given a predictive model 0 trained on a dataset 9, our objective is to mitigate UUs
produced by 6. To systematically reduce high-confidence misclassification, we seek to
identify patterns in discovered UUs and generate targeted synthetic data {x°, y°} for a
set of UUs, where x° is the synthetic sample and y° represents the corresponding
ground truth label for the synthetic sample. This data is then used to further train 6 and
thus reduce the blind spots present.
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3.2.3. GENERALIZATION VIA HYPOTHESIS CREATION

For UU mitigation, we employ intelligent agents (humans or large LMs) to generalize
from identified UUs to create hypotheses in natural language regarding the underlying
causes of these UUs. As we use perturbations, such hypotheses are based on pairs of
original and perturbed samples, (X;, ;) ~ 2 and (X;,y;) ~ . Humans are adept at
using sparse data to generalize [22], and this task exploits that capability by focusing on
subsets of UUs. Each hypothesis describes the shared characteristics that explain why
certain UUs occur and how these characteristics might generalize to other, unseen UUs.
The goal is not merely to explain individual failure cases but to construct hypotheses
that address multiple UUs clustering together into a blind spot. In doing so, we can
illuminate patterns within the feature space that the model is consistently misclassifying.
To this end, we pursue two distinct but complementary strategies: abstraction and
extrapolation.

Abstraction Abstraction involves generating a hypothesis on why a specific UU
occurred that generalizes across a set of closely related UUs, revealing underlying
patterns within a blind spot. In this step, the intelligent agent is provided with an original
sample (x;,y;) and, if adversarial perturbations are used, its perturbed counterpart
()‘(i,yi’). Then the agent is tasked with reasoning abstractly about the factors leading
to this UU. Specifically, we instruct them to consider whether these factors involve
semantics, syntax, specific words, or something else in the samples that could be the
cause of the high-confidence misclassification. This is to guide the agent to identify
what most likely contributes to the UU without prescribing rigid criteria, leaving room for
creative thinking and allowing the agent to explore unforeseen or nuanced factors. The
hypothesis is in natural language and should generalize across other UUs that share
these characteristics, expanding our understanding of the particular blind spot the UU
corresponds to. Compared to a mitigation approach that only makes use of a simple
reactive relabeling of found UUs, our method comes with the additional advantage
that it builds up a corpus of human-interpretable error reports on seen errors of the
classification model.

Extrapolation Extrapolation extends the process of hypothesis creation beyond trying
to describe discovered blind spots, encouraging the agent to use existing hypotheses
and sample pairs (used during abstraction) to uncover new blind spots. This task
emphasizes extrapolation, asking the agent to hypothesize new failure modes — also in
natural language — that differ from those previously identified. Extrapolative thinking
has previously been shown to be a human strong suit [23]. By ensuring that the
new hypotheses are dissimilar from those used for abstraction, we aim to discover
new regions in the feature space where the model may be prone to high-confidence
misclassification. To avoid the agent overextrapolating, we specifically instruct them to
focus on the same topic but to reason about whether a different factor from semantics,
syntax, specific words might be responsible that was not mentioned in the abstraction
hypothesis. In this step, we present only human-generated hypotheses to human
participants and vice versa. An example of hypothesis generation via abstraction and
extrapolation is shown in Figure 3.3.
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3.2.4. SYNTHETIC SAMPLE GENERATION

Once hypotheses have been generated via abstraction or extrapolation, the agent is
tasked with generating synthetic samples. These synthetic samples must align with
the structure and context of the original dataset while reflecting the characteristics of
the generated hypotheses. For instance, if the dataset consists of movie reviews, the
synthetic samples should maintain the form and tone of movie review-related text.
The goal of this step is to create new data points that correspond to the blind spots
identified during hypothesis generation. These synthetic samples are added to the
training dataset, resulting in a dataset that is extended for each synthetic sample and its
corresponding label & = 9 U {x’.s,y‘.s}, where the label is provided by the agent. By
incorporating these new samples into training, we aim to enhance the robustness of the
predictive model 6 by reducing its susceptibility to high-confidence misclassifications.
The sample generation process is uniform, regardless of whether the hypothesis was
obtained through abstraction or extrapolation. Humans generate samples based on
human-created hypotheses, and LMs do the same for LM-generated hypotheses. An
example of this type of sample generation from human and LM agents for abstraction
and extrapolation is shown in Figure 3.3.

3.2.5. EXPERIMENTAL SETUP

In this section, we present an overview of our experimental design. A schematic
illustration of the workflow can be found in Figure 3.2. First, we obtain our initial set of
UUs of the finetuned classification model from the validation set. Following this, we
characterize the blind spots corresponding to these UUs by making the intelligent agent
perform generalization as described in Section 3.2.2, culminating in new synthetic data
that we use to retrain the model. Finally, we evaluate this retrained model with respect
to accuracy and UU count. As a preliminary study, to verify that our method does indeed
address blind spots, we successfully demonstrate that it is possible to artificially create
blind spots by hand (i.e., ground truth blind spots) in a model and then illuminate these
using our approach in Section C.1. In our main study, our experiments instead address
mitigating both natural blind spots that occur during normal model training and those
created by adversarial attacks. For this, we do not have access to the ground truth blind
spots and as such just have indirect evidence that some blind spots are illuminated as
the number of occurring UUs is decreased.

DATASETS, MODELS, AND PERTURBATIONS

To evaluate the generality and effectiveness of our approach, we select a diverse set of
classification tasks, each representing varying levels of task complexity. Specifically, we
focus on sentiment analysis (SA) using the IMDB dataset [24], semantic equivalence
(SE) using the MRPC dataset [25], and natural language inference (NLI) using the QNLI
dataset [26]. The statistics of the dataset for each task are shown in Table 3.1. For
blind spot mitigation, we use the validation set to obtain our UUs that are then used
to perform the hypotheses generalization. These hypotheses are then used in turn
to generate synthetic samples and extend the training set, as shown in Figure 3.2.
We limit the number of hypotheses derived from each of abstraction and extrapolation
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Figure 3.2.: Workflow for targeted blind spot mitigation with synthetic data: (A) Obtain
UUs from the validation set on the original finetuned model; (B) use UUs
to extend the training data via generalization (Figure 3.1) and thus obtain
a more robust model; (C) evaluate this retrained model. The adversarial
perturbations in the dotted box are optional.

to 1% of the training set size, leading to an additional 73, 500, and 2095 training
samples after applying our method for MRPC, IMDB, and QNLI, respectively. These
values are treated as hyperparameters and are chosen to balance computational
efficiency and effectiveness. We leave further optimization of this split between
abstraction- and extrapolation-derived hypotheses to future work. We employ two
classification models in our experiments, finetuned for each classification task: BERT
(bert-base-uncased) [27] and Llama 2 7B [13], selected for their contrasting
architecture and size. We choose BERT for its known performance on sentence-level
classification tasks and its low number of parameters, while Llama 7B was chosen for its
larger (but still manageable) scale and capability in handling more complex language
understanding tasks. GPT-3.5 Turbo is incorporated as the teacher model to perform
hypothesis and sample generation, as it is superior to both classification models that we
use.

In a black-box setting, where we assume no access to the model’s internal parameters,
we employ adversarial perturbation techniques to yield more UUs for our method to use.
Note that while perturbations aid proactive discovery of blind spots, they are not strictly
necessary to our overall approach. Perturbations are generated using TextAttack [28],
specifically with TextFooler (TF) [29] for word-level perturbations and DeepWordBug
(DWB) [30] for character-level perturbations. Using these two methods, we cover a wide
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Example of full workflow for a single UU sample using human computation and
LMs on the IMDB Dataset

Original Sample:

Footage of busy highways, planes flying overhead, poor lightning effects, soldiers doing their thing,
they’re all used in a [[haphazard]] manner, sometimes repeatedly, and they often only have a loose
connection to the story Wood is trying to tell. [...]

Perturbed Sample:

Footage of busy highways, planes flying overhead, poor lightning effects, soldiers doing their thing,
they're all used in a [[thoughtless]] manner, sometimes repeatedly, and they often only have a
loose connection to the story Wood is trying to tell. [...]

Human Abstraction Hypothesis:
“Haphazard can be intentional, vs thoughtless is unplanned. It feels more of an unwillingness
rather than a lack of ability.”

LM Abstraction Hypothesis:

“The replacement of specific adjectives in the perturbed sample contributes to misclassification.
The adjective "thoughtless” in the perturbed sample, may change the perception of the director’s
skills and use of stock footage. This alteration in sentiment could lead to a different classification
outcome.”

Human Extrapolation Hypothesis:

“The hypothesis could be that the words were potentially swapped or replaced, such as "bad”
being replaced by “evil” which could lead to an incorrect prediction as it is similar but could have a
slightly different meaning in some contexts.”

LM Extrapolation Hypothesis:

“The use of the word "hypocrite” may have caused the misclassification. The word "hypocrite
implies that the person is saying one thing but doing another, which may be considered a negative
trait. However, some people may not interpret the person in the sample as a hypocrite, leading
to a difference in sentiment analysis. This difference in interpretation may have caused the
misclassification by the algorithm.”

”

Human Abstraction Sample:

“The scenes felt like they were slapped together with no care at all. It's not that the director didn’t
have the skill they just didn’t bother to try harder. Haphazard is at least creative but thoughtless
just shows they didn’t wanna put the effort in.”

LM Abstraction Sample:
“Skyward Dreams had potential, but the director’s use of stock footage feels thoughtless. Scenes
of bustling cities and planes flying overhead are inserted without any real purpose, disrupting the
flow of the narrative. [...]”

Human Extrapolation Sample:

“The CGI in was straight up evil. The way the effects looked completely ruined the immersion for
me, and it felt like the creators didn’t even care about quality. | get that sometimes budget is an
issue, but this was just on another level. [...]

LM Extrapolation Sample:

“The protagonist of The Final Betrayal is a true hypocrite. Throughout the film, he preaches loyalty
and honesty to his friends, yet secretly manipulates and betrays them behind their backs. This
hypocrisy is central to the film’'s conflict, as the character’'s outward morality sharply contrasts with
his deceitful actions. Despite this glaring flaw, some viewers may interpret his behavior as a
survival tactic in a harsh world, rather than outright hypocrisy. [...]"

Figure 3.3.: Example of hypothesis generalization using abstraction for the IMDB
dataset. The abstraction is performed by a human or LM based on original
and perturbed samples.
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spectrum of adversarial attack types, revealing additional blind spots. We focus on
perturbations that maintain semantic integrity, ensuring that the true underlying label
remains consistent after perturbation. Manual inspection of 100 random perturbed
samples revealed that none had a different underlying true label, affirming that our
perturbations are faithful.

BASELINE

As a baseline, we use a reactive relabeling approach based on the previous work
by Han, Dong and Demartini [18], where identified UUs are given a ground truth label,
before being reintroduced to the classification model for additional training. This method
directly targets blind spots by adding these correctly labeled samples to the extended
set. While Han, Dong and Demartini [18] perform this reintroduction in smaller, iterative
batches to identify more UUs, we pool all relabeled UUs in a single batch, as we only
concern ourselves with the mitigation of UUs and assume that we have knowledge of
whether a sample is a UU or not post classification. This is similar to how we perform
the retraining for our method. For a fair comparison, we apply this baseline approach
with the same budgetary constraints as our proposed method, with new samples making
up 2% of the initial training set size. We pose that our method, which uses hypotheses
to synthesize new data, will outperform this method by uncovering additional failure
modes not captured by relabeling alone.

IMPLEMENTATION

Following Lakkaraju et al. [16], we set the confidence threshold for determining
high-confidence misclassifications to T = 0.65. All BERT models were trained for 10
epochs, using a learning rate of 2 x 107, and a batch size of 64. We fine-tune all
Llama 7B models using the Low-Rank Adaptation (LoRA) [31] method with the following
configuration: a LoRA scaling factor of 16, dropout of 0.1, and rank r = 64. The target
modules are all linear layers in the model, and no bias adjustment is applied. The
training is performed over 3 epochs, with a batch size of 8, and gradient accumulation
set to 8 steps. We employ AdamW [32] as our optimizer with B, = 0.9 and 3, = 0.999.
The learning rate is set to 2 x 10™* with a warmup ratio of 0.1, followed by a cosine
decay. We apply a maximum gradient norm of 0.3 to ensure stability during training and
use a weight decay of 0.001 to prevent overfitting.

The human computation component of our study is implemented through a survey
study, the details of which are provided in Section C.2. A key procedural difference
between human and LM-based experiments is the number of examples provided. The
human participants receive two examples, while no examples are given to LMs (i.e.,
zero-shot). This design choice aims to minimize guidance for the LM since few-shot
prompting tends to result in overly homogeneous samples, even when using higher
temperature settings. The LM prompts for the teacher model are given in Section C.3.
When prompting the teacher model, we always ask it to explicitly give its reasoning,
which we find not only increases performance but also improves interpretability. To
ensure the quality of human-generated hypotheses and synthetic samples, we include
attention checks [33] in each survey to eliminate inattentive or low-effort responses. For
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Dataset Task #Classes #Train #Validation #Test

MRPC SE 2 3,668 408 1,725
IMDB SA 2 25,000 12,500 12,500
QNLI NLI 2 104,743 5,463 5,463

Table 3.1.: Datasets used, including the task type, number of classes, and number of
samples in each of the test, validation, and training sets. Note the split of the
original IMDB test set into new validation and test sets.

both human- and LM-generated hypotheses and samples, we implement automated
quality checks for this purpose. We do not focus on selecting the high-quality
responses, but filter out bad-faith ones such as repeated or nonsensical submissions.
To be included, all text entries are required to meet a minimum character threshold
(charg,, = 40) to ensure sufficient content. Additionally, we employed BERTScore [34]
to automatically evaluate the similarity of new samples against a reference set in the
form of samples from the training set. If the similarity score falls below a threshold of
Spin = 0.5, the sample is discarded.

3.2.6. EVALUATION METRICS

We use two key metrics to assess the effectiveness of our approach and the comparative
approach. These include the accuracy of the model on the test set and the number
of UUs observed during evaluation. Accuracy provides a basic measure of model
performance, while the UU count reflects the model's robustness and allows us to
reason about the prevalence of blind spots. Note that the accuracy we report is the
accuracy of the model before any perturbations are applied, while the number of UUs is
post perturbation. Ideally, our goal is to maximize accuracy while minimizing the number
of UUs. Our evaluation compares the performance of the original finetuned model with
that of the models retrained on their respective extended dataset €. This allows us to
quantify the impact of our approach on mitigating blind spots and improving model
robustness.

3.2.7. RESULTS

In this section, we report the experimental results on the effectiveness of our proposed
method in reducing blind spots across the classification tasks. The results of our
methods configured with human- and LM-generated data as well as those of the
baselines are shown in Table 3.2. Additionally, we compare human-generated samples
to those produced by LMs in terms of effectiveness, scalability, and ease of use.

IMPACT OF SYNTHETIC SAMPLES

Observation 1: Our approach leads to a significant and consistent UU reduction
across tasks. As part of our evaluation, we find that our method successfully reduces
UUs, with a maximum reduction of 56.09% when using human computation on the
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BERT model with TF for the MRPC task. LMs generally offer more consistent UU
reductions, though performance varies by task. On average, across perturbation
methods and classification models, our method with LM-based data generation reduced
UUs by 23.43%, while human-based data generation led to a reduction of 21.68%.
Similarly, regardless of what type of agent generates the data, our method achieves
an average reduction in UUs of 35.71%, 21.27%, and 10.70% for MRPC, IMDB, and
QNLI, respectively. The only configuration where our method does not reduce UUs is
the BERT model on the QNLI dataset, where human-based retraining with TF actually
increases UUs by 5.46%. We elaborate on this in observation 3.

Observation 2: Relabeling of UU samples is effective but not as impactful. Simply
relabeling UU samples from the validation set and reintroducing them as the extended
set leads to a decrease in the number of UUs, albeit a more modest one compared to
our method. Relabeling achieves a decrease in UUs of 8.86% and 7.06% on average for
BERT and Llama 7B, respectively. This compares to the average decreases achieved
by our method: 21.68% when using human-generated data and 23.43% when using
LM-generated data This confirms that only reactive illumination of blind spots using seen
data is less effective than our method, regardless of agent type.While the average
decrease is lower, the relabeling method is very consistent across tasks, as it is not
dependent on an agent grasping the task and delivering high quality data. Additionally, it
is very cost effective as no human computation or LM querying is necessary. The
obvious limitation of this approach is that it only scales to blind spots that have been
discovered and therefore has very little transfer learning potential, as it is unlikely that
the found UUs will generalize to unseen UUs.

Observation 3: Human performance is very task dependent. We find that
human-generated samples may outperform LMs in tasks that align with human intuition.
For tasks such as SE and SA — which are more intuitive to humans compared to NLI, as
they more closely resemble everyday tasks — human performance tends to be better,
yielding more significant reductions in UUs. In particular, on the MRPC dataset we see a
greater reduction in UUs using human-generated data, 35.38% and 52.19% on BERT
and Llama 7B, respectively, when compared to when using LM-generated hypotheses
and samples 8.21% and 47.31%. In less intuitive tasks such as NLI, humans can
generate data of poor quality, leading to a reduction in model robustness, which may
even result in an increase in UUs. When analyzing participants’ responses for QNLI, we
find that several participants did not fully grasp the natural language inference task,
which was not the case for SE and SA. Note that these are not purposefully low-effort
responses and are therefore not filtered out as described in Section 3.2.5. This shows
that irrespective of classification model, there is a task-specific advantage of human
computation compared to LM teacher models when there exists a higher degree of
familiarity with the task and vice versa. Although LMs provide samples of acceptable
quality consistently, rare but high-quality human responses, such as a crowdworker
correctly identifying that changing the date “June 15” to “John 15” referenced a Bible
verse — an insight that the LM missed — can significantly reduce UUs and thus be more
impactful. This suggests that while human-generated responses can have a higher
ceiling in certain contexts, LMs deliver more consistent results overall as incorrect
responses from just a few human participants can reduce the effectiveness of our
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BERT Llama 7B
TF DwWB TF DwWB
Acc. (%) T UUs (#) ! Acc. (%) 1 UUs#) | Acc. (%) T UUs (#) | Acc. (%)t UUs#) |
Original Model 82.38 952 82.38 936 90.84 301 90.66 293
8 Relabeling Baseline 82.49 911 82.55 898 90.61 277 90.73 268
""55 Hypothesis (LM) 81.57 851 82.23 882 89.86 149 89.73 164
Hypothesis (Human) 81.58 418 82.10 802 90.20 144 89.91 140
Original Model 94.84 1882 95.40 1682 95.20 892 95.33 810
g Relabeling Baseline 93.94 1732 94.26 1621 94.86 781 95.10 742
= Hypothesis (LM) 95.40 1241 94.41 1448 94.96 604 95.13 689
Hypothesis (Human) 94.43 1518 95.74 1412 94.67 658 94.90 702
Original Model 89.88 1923 89.88 2597 90.08 879 90.72 952
o Relabeling Baseline 88.24 1796 88.98 1907 89.90 856 90.60 929
5 Hypothesis (LM) 89.31 1536 89.21 1746 89.58 741 90.10 890
Hypothesis (Human) 89.42 2028 89.38 2325 89.16 857 89.73 924

Table 3.2.: Results for AlL blindspot mitigation across datasets and models. Accuracy is
unchanged within 1% while UUs drop substantially after targeted knowledge
injection via synthetic data. TF: TextFooler; DWB: DeepWordBug.

method.

Observation 4: Accuracy does not decrease despite improved robustness. In
terms of accuracy, extending the training set with human- or LM-generated data did not
have a significant effect. Across tasks, accuracy fluctuations of the models with extended
training sets remain within +1% compared to the original models. This contrasts with
previous findings that improvements in robustness often come at the expense of
accuracy [35]. Detailed perturbation statistics are made available in Section C.4, as well
as a visualization of prediction confidences for misclassified samples after perturbation.
We observe a reduction in high-confidence misclassifications, particularly at the highest
prediction confidences. Additionally, there is a clear reduction across the entire
confidence range towards lowering the classifier’'s confidence in its misclassifications.
This, in combination with our overall results, indicates that we improve the calibration of
the classification models.

3.2.8. SCALABILITY AND EASE OF USE

Observation 5: Our method scales well per sample and by parameter count.
Despite only adding a small amount (2% for each task) of synthetic data relative to
the total training set size, we achieve significant results in the reduction of UUs. This
indicates that our method can scale to large datasets, as only a small number of
synthetic samples relative to the total dataset size are required have a significant impact
in terms of improving robustness. We study classification models that use a different
architecture and have an order of magnitude difference in size (110M parameters for
BERT and 7B for Llama). Here, we find that models with a lower number of parameters
achieve a performance similar to that of large generative LMs, with comparable accuracy
on the IMDB and QNLI tasks, indicating that smaller models may be more suitable for
text classification tasks when considering their other advantages, which corroborates
previous findings [36]. This is especially encouraging for use cases where computational
resources are limited or speed and transparency are critical.
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Observation 6: Obtaining samples via LM is easier and more cost effective. When
considering the practical aspects of our study, significant insights emerge regarding
the costs and time involved in conducting human- and LM-based generalization
experiments. The human study, which included 168 participants, resulted in a total
cost of $1072, with an hourly compensation rate of $12 per participant. In contrast,
the LM experiment incurred a much lower cost of $46 for generating an equivalent
number of generalizations and samples. Although it is challenging to provide precise
estimates, the data collection process via human surveys also took substantially longer
than the LM-based approach. This highlights the fact that when using LMs, our
method is far more cost-effective and generates data almost instantaneously, in stark
contrast to the considerable delays associated with human-based study design and data
collection. Thus, from a scalability perspective, the LM-based procedure offers clear
advantages, being both faster and less expensive. However, in certain high-stakes or
specialized applications such as suicide prevention and criminal justice sentencing,
human involvement, including via a hybrid approach where human intuition supplements
the efficiency of LM-generated data, may be more advantageous. This is especially true
when considering that LM outputs come with no guarantees and may be biased.

3.2.9. RELATED WORK

Unknown unknowns Attenberg, Ipeirotis and Provost [4] introduce the concept of
querying humans to find UUs in a game-like setting and show that there were patterns
to the found UUs. Vandenhof [6] proposes an approach to identify UUs where
human-interpretable decision rules are learned to approximate how a model makes
high-confidence predictions. Crowdworkers then contradict these rules by finding an
instance that would classify as a UU. Cabrera et al. [17] explore the use of crowdworkers
to generate failure reports for computer vision models to describe how or why the
model failed. Han, Dong and Demartini [18] propose an approach where crowdworkers
continuously extend a dataset with relabeled UUs, on which the chosen model is
iteratively trained. Instead, we go beyond simple relabeling and characterize found
blind spots and explore new, previously unseen blind spots. There are also algorithmic
approaches to finding UUs, such as Lakkaraju et al. [16], who propose utilizing an
explore-exploit approach to find groups of UUs. Bansal and Weld [5] extend this by
proposing a utility model that rewards the degree to which the found UUs cover a
sample distribution, thus encouraging the discovery of new blind spots. Instead, we do
not find the UUs algorithmically, but instead use an LM or crowdworkers to find existing
UUs, extrapolate from these to unseen UUs, and generate synthetic data targeting both
of these.

Model calibration and robust training The concept of UUs and blind spots is
connected to model calibration [37—-39]. A model that is well-calibrated will have its
prediction confidence aligned with the likelihood of the correctness of the prediction and,
as such, a model with blind spots is a poorly calibrated model. In the case where
the UUs are specifically generated through adversarial attacks, illumination of model
blind spots is also related to robust training. UUs that populate these blind spots,
when created by such attacks, may be identified as adversarial examples [40—42].
This underscores the relationship between our proposed method and robust training
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practices with the aim of improving the robustness of the model [43, 44]. Our method
focuses not on general robustness but rather on high-confidence misclassifications and
is not limited to just adversarial samples, as we consider UUs that occur naturally without
perturbation as well. Several approaches have been proposed to utilize synthetic data
to expand training sets [45, 46]. He et al. [47] explore few-shot prompting LMs to
generate task specific synthetic training data. Unlike prior work, we propose a method to
generate targeted synthetic data with the purpose of eliminating blind spots that lead to
high confidence misclassifications.

3.2.10. CONCLUSION

We propose a method to identify and mitigate blind spots in classification models by
leveraging human- and LM-generated generalizations, followed by synthetic sample
generation to target UUs and enhance model robustness. Our evaluation demonstrates
that our method is effective at addressing model blind spots and achieves a significant
reduction in UUs across datasets, while not altering the general performance of the
model and therefore maintaining accuracy. Our study sheds light on the notable task
dependency of the human ability to characterize blind spots and generate new data and
how this ability compares to that of an LM. Future work will focus on optimizing the
balance between accuracy and robustness to further enhance model performance.

3.3. FROM REACTIVE REPAIR TO PROACTIVE ADAPTATION

Part | (Section 3.2) operationalized knowledge injection as a reactive repair mechanism,
where we diagnose high-confidence errors that cluster in the feature space to form
blind spots, before hypothesizing what the underlying error in model reasoning is, and
injecting targeted synthetic samples to locally adjust the decision boundary and thus
illuminate the blind spot, all while keeping global behavior stable. This approach is
well suited when we can surface UUs and are able to update parameters. It primarily
addresses systematic and structural shortcomings of language models, where precise,
hypothesis-guided data interventions nudge the model away from confident mistakes
without broad distributional changes.

In many deployments, however, robustness hinges on contextual gaps: the model
lacks access to the target corpus or cannot be retrained due to privacy, governance,
compute, or other operational constraints. In such cases, rather than adjusting the
decision boundary through parameter updates, we can inject context at inference time to
condition the language model to better adapt to the target domain. Part Il (Section 3.4)
develops this proactive path: for context-aware embedding models, it replaces direct
access to the target corpus with a compact synthetic proxy generated offline from a
handful of exemplars and uses that proxy as contextual knowledge to compute improved
embeddings without updating model parameters.

Viewed together, these two separate Parts instantiate a single design principle:
whether using targeted synthetic data for additional model training when diagnostics
expose blind spots, or using zero-shot contextual adaptation when the dominant deficit
is contextual and the model must remain frozen, the goal is to inject the right knowledge
to ensure the model is able to reason correctly and robustly.
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3.4. PART II: ZERO-SHOT CONTEXTUAL ADAPTATION

3.4.1. INTRODUCTION

Effective neural information retrieval relies heavily on high-quality dense vector
representations for documents and queries [48, 49]. However, standard embedding
approaches typically generate these representations without dynamically incorporating
information from the specific target corpus being searched [50]. This lack of dynamic
context sensitivity limits their adaptability and retrieval performance, especially when
deployed in domains that differ from their pretraining data [51], a limitation partially
addressed by traditional methods leveraging corpus statistics [52]. However, such
lexical methods based on surface counts have largely been superseded, as their
bag-of-words nature fundamentally fails to capture semantic meaning.

To provide neural embeddings with sensitivity to the target corpus, context-aware
architectures have recently emerged [53]. Such models utilize multi-stage processing,
where the final embedding is conditioned on representations derived from neighboring
documents within the target corpus. Although these methods significantly enhance
retrieval by tailoring embeddings to domain-specific characteristics, their requirement to
access the target corpus during inference is a critical limitation. Practical constraints
related to data privacy or corpus scale often make such corpus access infeasible; for
instance, sensitive medical documents may not be exposed during inference.

This critical limitation motivates the search for alternative ways to provide essential
domain signals to context-aware models. While large language models (LLMs) possess
good generative capabilities for retrieval data [54], their effective use in this zero-access
environment is non-trivial. The core challenge is not merely generating domain-relevant
text, but ensuring that any LLM-derived output possesses an appropriate degree of
representational fidelity.

In this work, to overcome this critical barrier, we introduce zero-shot embeddings via
synthetic context (ZEST), enabling effective contextual adaptation without accessing
the target corpus. ZEST, depicted in Figure 3.4, operates in two phases. First,
during offline synthesis, a LLM is employed to hierarchically generate a compact
set of domain anchors from a minimal set of example documents randomly chosen
from a domain-relevant source. The example documents typify the target domain’s
characteristics but remain distinct from the actual target corpus data. Using the domain
anchors, a synthetic proxy corpus is generated that approximates the actual distribution
of the target corpus. Second, during online inference, the generated synthetic corpus
serves as the contextual input to a pretrained, unmodified context-aware embedding
architecture. Thus, ZEST computes context-influenced embeddings, effectively
simulating domain adaptation without requiring direct corpus access or any parameter
updates.

Our thorough validation on relevant retrieval benchmarks demonstrates that ZEST —
using only kR = 5 example documents — significantly outperforms strong context-agnostic
baselines and achieves performance comparable to context-aware models that utilize
full corpus access. Although synthesizing a corpus of, in our case, a few hundred
documents involves upfront computational resources, this process is performed once
per domain, offline, making it practical and cost-effective for real-world deployments.
ZEST thus provides a viable and efficient strategy for deploying adaptable document
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embeddings in environments constrained by corpus access due to concerns regarding
privacy or scale.

3.4.2. BACKGROUND

This section first revisits dense neural retrieval, then describes the class of context-aware
embedding architectures most relevant to our work, and finally formalizes the zero-shot
deployment setting that ZEST is designed to address.

Dense retrieval. Given a query g and a corpus 9, dense vector retrieval methods
learn two neural encoders ¢ : D - R" and p : Q —» R" that map documents and
queries into a shared vector space in which relevance is scored with the dot product
f(d,q) = ¢(d) - w(q). Training typically relies on a contrastive loss that favours high
similarity for relevant pairs (g, d*) and low similarity for negatives (g, d"):

exp(f(d",q)/7)
> exp(f(d',q)/T)

d'ex(q)

Z =-log

(3.1)

where #(q) is a set of negatives [55] and T a temperature hyper-parameter. Although
these biencoders are highly effective, their embeddings remain context-agnostic and
therefore sensitive to corpus shift [51].

Context-aware embedding architectures. Recent retrievers mitigate the limitation
of context-agnostic embeddings by incorporating information from the target corpus at
inference time. These approaches vary in their mechanism. One prominent strategy,
which our work adapts for zero-shot settings, involves a multi-stage architecture
exemplified by Contextual Document Embeddings (CDE) [53]. Here, a first-stage
encoder M, processes a sample of J context documents {d,, ..., d;} ¢ D from the target
corpus. A second-stage encoder M, then conditions the final embedding of a target text
(document d or query g) on these context representations alongside the text's own
token sequence. Formally, the first-stage encoder M, maps an input document to a
vector in R". The second-stage encoder is M, : R x RT<e - R", so that, given a
document d whose tokens are embedded as E(d) = {E(W1 ) E(WT)}, the contextual
document representation is a single dense vector:

$(d; 2) = My(My(dy), .., Ma(d)), E(d)). (3.2)

The query counterpart @(q; D) is computed similarly. This approach directly modifies the
final embedding vector based on corpus context before standard similarity search (e.g.,
dot product).

This differs from unsupervised adaptation methods such as GPL [56] and
Boot&Switch [57], which require corpus access or additional tuning. It also contrasts
with late-interaction systems such as ColBERT [58], which, while domain-robust, incur
higher online computational costs due to their token-level interaction mechanisms at
query time, unlike the single-vector representations produced by CDE.
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Figure 3.4.: Overview of the ZEST framework for zero-shot contextual adaptation.
Offline Synthesis (Top): From a few example documents (Z,), domain
anchors (D,.cnor) @re sequentially generated to ensure thematic diversity.
These anchors then guide the parallel generation of a synthetic proxy corpus
Deyntn- Online Inference (Bottom): A frozen, pretrained context-aware
model (M,, M,) embeds new documents or queries (d/q) by conditioning
on Dy niy (With its document representations pre-processed via M, ) instead
of the inaccessible target corpus &. This provides domain-adapted
embeddings without requiring model retraining or direct corpus access.

By explicitly exposing corpus statistics (such as term frequency or topical patterns via
neighbor documents) to the embedding generation process, CDE-style models improve
robustness across domains. However, their reliance on accessing the target corpus 9
at inference time remains a significant practical hurdle. Our work focuses on overcoming
the corpus access requirement.

Problem setting: zero-shot contextual adaptation. We consider deploying a
frozen context-aware model (M4, M,) in a new domain where the full corpus 9 is
inaccessible. Instead, in lieu of supplying documents from the target corpus, the
practitioner can supply only a small exemplar set 9, = {d;x, vy dgx} that typifies the
general domain. The challenge is to generate domain-sensitive embeddings ¢(d;-) and
w(q; -) without accessing 2 and without any parameter updates. The remainder of this

chapter presents ZEST, a solution to this problem.
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3.4.3. METHOD: ZERO-SHOT EMBEDDINGS VIA SYNTHETIC CONTEXT

ZEST enables corpus-aware adaptation without direct corpus access by substituting the
real neighbor set required by context-aware models with a compact, LLM-generated
proxy corpus g ng,. This involves a one-time offline synthesis phase and an online
inference phase using the fixed proxy.

RATIONALE: LEVERAGING SYNTHETIC CONTEXT

Context-aware retrievers rely on neighbor documents to capture domain statistics
(Section 3.4.2). Our hypothesis is that an LLM, guided by few exemplars Z,, can
generate a synthetic corpus 9, Whose statistics sufficiently approximate the target
domain’s regularities. If the frozen model’s first-stage encoder M, is applied to
the members of Z ., and the resulting vectors are fed into the second stage M,
together with the query or document to be embedded, then the outputs ¢(d; D) and
W(G; Dsynin) should exhibit much of the desired domain adaptation — achieving effective
zero-shot contextualization without 9.

OFFLINE PHASE: FEW-SHOT SYNTHETIC-CONTEXT GENERATION

Input: Domain-specific examples. The offline pipeline begins with a small
exemplar set of k documents, Z,, = {d.,, ..., dX }, selected to typify the target domain
(for instance, finance or healthcare) which are sourced separately from & from
domain-similar public corpora. These serve as concrete stylistic and topical anchors for
the LLM. While these examples provide crucial domain signals, the specific selection
is not expected to be overly sensitive, particularly because the target corpus 9 is
inaccessible by design, which makes fine-grained optimization of the exemplar set
infeasible. As such, the primary goal is to provide the LLM with a general sense of the
domain’s characteristics, rather than perfectly matching unknown corpus specifics.

Hierarchical Synthetic Corpus Generation via Domain Anchors. To enhance
the representational fidelity and thematic coherence of the synthetic context, we
introduce a hierarchical generation approach based on explicit domain anchors. We
hypothesize that this intermediate anchor step is beneficial because it (i) explicitly
encourages topical diversity across the final synthetic corpus, preventing fixation on only
a few aspects of the initial exemplars, (ii) mitigates potential mode collapse where the
LLM might over-produce content related to a single dominant theme, and (iii) grants
finer-grained semantic control when expanding each focused anchor into multiple full
documents. Concretely, this procedure unfolds in two steps.

Step 1: Domain Anchor Generation. To establish a diverse set of thematic seeds
that broadly represent the target domain, the LLM is prompted to sequentially generate
A domain anchor documents, P, vor = (A1, ---, G4}, from the exemplar set 9,,. Each
anchor @; is a concise text capturing a distinct topical or stylistic facet observed in .
By generating anchors one after another, the process can be guided to ensure each
new anchor explores different characteristics of the exemplars, thereby constructing a
varied foundation for the subsequent corpus expansion. Practically, these anchors are
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generated by instructing the LLM to produce brief documents that explicitly highlight key
concepts, terminology, and typical stylistic attributes of the domain as evidenced in Z,,.

Step 2: Synthetic Corpus Expansion. Next, the complete synthetic corpus P
is created by expanding upon these domain anchors. For each anchor document
a; € Dnchors the LLM generates a corresponding subset of synthetic documents. This
generation for each anchor can proceed in parallel, with the LLM prompted to elaborate
on and diversify the theme encapsulated by a;. This “branching out” from each anchor
aims to populate 9, ., with a rich collection of J* novel documents that exhibit broad
topical and stylistic coverage pertinent to the target domain. Formally, the final synthetic
corpus is the union of these anchor-conditioned subsets:

A

A
2 {d; 0 diy), where 3 Ji=J

synth = ;
i=1

This hierarchical approach ensures explicit semantic coherence and comprehensive
topical coverage in the resulting synthetic corpus, potentially improving the effectiveness
of downstream contextual embedding adaptation. Specific implementation details
on this generation process and prompting strategies are given in Section 3.4.4
and Appendix Section D.1, respectively. Because Py, is reused verbatim during
deployment, this synthesis step must only be executed once per domain, making it
computationally efficient for practical application.

3.4.4. EXPERIMENTAL SETUP

This section details the experimental protocol designed to evaluate the effectiveness of
ZEST in realistic zero-shot domain adaptation scenarios using established retrieval
benchmarks.

Datasets and Metrics. We evaluate our approach on the widely used MTEB [59]
benchmark, which covers a diverse range of embedding tasks. Unless otherwise
noted, we evaluate on the complete MTEB benchmark across all task categories listed
in Table 3.3. For each task, we source our 9, from domain-similar public corpora. For
example, for retrieval tasks we sample 9, from the BEIR [51] benchmark; specifically,
from those tasks that are the closest match to the domain of the target corpus (see
Appendix Section D.2 for details). Should the same task be present across both
datasets, then we choose the next most relevant one instead. For example, for
ArguAna [60], which is present in both benchmarks, we choose the most similar task
from BEIR instead to sample 9, from. We randomly sample documents with = 100
tokens to provide sufficient content for the LLM to capture domain characteristics. This
simulates a realistic scenario where a user provides a few characteristic examples
for domain adaptation. We ensure no leakage by replacing any document that has a
20-token span overlap between &, and the corresponding MTEB evaluation datasets.
Retrieval quality is evaluated using the standard NDCG@10 metric.

Baselines for Comparison. \We compare ZEST against key baselines of similar
size to contextualize its performance. We establish context-agnostic performance
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using strong, standard biencoder models: gte-base-en-v1.5 (GTE v1.5) [61]
and bge-base-en-v1.5 (BGE v1.5) [62]. For experiments involving context-aware
embeddings, we utilize the publicly available cde-small-v1 model [53]. This model
comprises 137M parameters and was pretrained on a large, diverse corpus. We
use its original frozen weights throughout all experiments, ensuring fair comparison
and isolating the effect of the context source. For this baseline, context embeddings
are computed from J = 512 real documents randomly sampled from the target corpus
partition, serving as a practical upper bound using real context with a comparable
context size. Additionally, we include the Generic Synthetic Context (GSC) baseline,
which generates synthetic documents using a generic prompt applied to the same LLM
as ZEST, but without its hierarchical approach. This baseline isolates the impact of
ZEST’s use of domain anchors, providing a direct comparison to a simpler synthetic
context generation method. Finally, to test the sensitivity of our approach to exemplar
document selection, we include a random baseline. Here, we randomly sample 512
documents from the first 10k entries of the Colossal Clean Crawled Corpus (C4)
dataset as contextual documents. Our baseline selection directly tests ZEST’s core
hypothesis: using synthetic context as a drop-in replacement for real context with a
frozen architecture. Consequently, methods requiring training-time adaptation (e.g.,
GPL [56]) or online corpus access (e.g., pseudo-relevance feedback [63, 64]) are
considered orthogonal to this specific evaluation.

Synthetic Context Generation. We generate the synthetic context gy, for ZEST
using GPT-4o0 via its API, chosen for its strong instruction-following, ability to capture
nuanced stylistic and topical patterns from limited examples across diverse domains,
and cost-effectiveness. A carefully constructed prompt (see Appendix Section D.1)
first provides the k = 5 curated domain examples and instructs the LLM to generate
synthetic documents hierarchically per Section 3.4.3. This prompt is designed for
outputs that are stylistically and topically aligned with these examples — building on
domain anchors — and sufficiently diverse to form a rich context. For each of A = 20
anchor documents a; € P,,chor, the LLM generates an equal fraction (J'/A) of the
J" = 512 total synthetic documents forming D, .- This per-anchor generation, designed
to elaborate on and diversify a;’s theme, proceeds in parallel. We use default API
sampling parameters for reproducibility.

Additional Implementation Details. For ZEST, the synthetic context embeddings
({C;}) were pre-computed from 9y, using a batch size of 16. During MTEB evaluation
runs the models processed task queries and documents with a batch size of 512.
Following the methodology of CDE, task-specific prefixes (see Appendix Section D.3)
were applied to inputs before being processed. This ensures consistency in how the
model receives data for both real-context and synthetic-context scenarios. Experiments
were conducted using NVIDIAA100 GPUs.
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3.4.5. RESULTS AND DISCUSSION

This section presents the empirical evaluation of ZEST, demonstrating its ability
to achieve effective contextual adaptation in zero-shot scenarios. We analyze
its performance against established baselines, investigate the impact of key
hyperparameters through ablation studies, and discuss the implications of our findings.

MAIN RESULTS: ZERO-SHOT CONTEXTUAL ADAPTATION

The results presented in Table 3.3 compellingly demonstrate the efficacy of ZEST.
Across the MTEB benchmark, ZEST using its exemplar-guided synthetic context
achieves performance strikingly close to the CDE model that leverages full target
corpus access, with an average difference of merely 0.29 NDCG@10 points. This
indicates that ZEST comes within 0.45% of the performance attainable with unrestricted
access to the real corpus — a significant finding given its zero-shot nature. While the
real-context baseline naturally sets a practical upper bound, ZEST closes a large portion
of the gap between the no-context baseline and this upper bound. Additionally, the
random baseline sets the lower bound, with a significant decrease in performance. This
indicates that while our method is not particularly sensitive when choosing documents
within the general domain of the target corpus, choosing exemplar documents from an
unrelated domain hinders the contextual embeddings, as expected.

Notably, ZEST also outperforms the GSC synthetic baseline by 0.31 NDCG@10
points on average, highlighting the benefit of our domain-anchor-based synthesis
approach over simpler synthetic generation from the k exemplars. Furthermore, ZEST
establishes substantial gains over strong context-agnostic baselines. It surpasses GTE
v1.5 by an average of 2.04 and BGE v1.5 by 2.76 as measured by NDCG@10. These
improvements underscore the value of carefully generated synthetic context. Indeed, by
recovering 87.6% of the performance gap between GTE v1.5 and the full-access CDE
model, ZEST effectively emulates the benefits of real corpus statistics without requiring
direct access.

ABLATION STUDIES

Effect of Number of Examples and Anchors. To better understand the behavior
and robustness of ZEST, we perform ablation studies on the number of guiding
examples k € {1, 2,5, 10}, holding the synthetic context size fixed atJ' = 512. Results
are shown in Figure 3.5b. Performance increases when moving from k = 1 to k = 5,
indicating that providing the LLM with a few diverse examples significantly helps it
capture the target domain’s characteristics more accurately by not overfitting to a single
example. Using k = 10 provides only marginal, if any, additional benefit over k = 5 in our
experiments, suggesting that our hierarchical generation using A = 20 domain anchors
(as described in Section 3.4.3) provides sufficient diversity with only k = 5 examples.
Furthermore, we also investigate the number of A and find that performance is not
sensitive to this parameter, as variations around our default yield negligible differences
in overall MTEB scores.
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Task Category GTE v1.5 BGE v1.5 CDE GSC Random ZEST
Classification 77.2 74.7 825 81.8 80.4 82.2
Clustering 46.8 453 49.3 48.7 46.9 49.1
Pair Classification 85.2 85.7 87.5 87.0 85.6 87.2
Reranking 57.7 58.3 60.0 59.4 57.3 59.7
Retrieval 541 52.8 55.2 54.6 52.8 55.0
STS 82.0 81.6 83.3 82.7 81.4 83.0
Summarization 31.2 30.8 32.7 321 30.4 32.3
Average 62.03 61.31 64.36 63.76 62.11 64.07

Table 3.3.: Retrieval performance on the MTEB benchmark, shown across its task
categories. Baselines include context-agnostic models (GTE v1.5, BGE
v1.5), CDE with real context (J = 512), ZEST with random documents, and
our synthetic GSC baseline. ZEST uses kR = 5 examples and J' = 512
synthetic documents, without accessing the target corpus. Best overall result
in bold, best result without corpus access underlined.

Effect of Synthetic Context Size. We further investigate changing the context size
while keeping Rk constant. Figure 3.5a illustrates how retrieval performance varies with
J'. Here, performance generally improves substantially as J' increases from small
values (e.g., 2) towards /' = 512. While the most significant gains often occur with
initial increases in context size (improvement slows after /' = 16), the results suggest
that a larger synthetic context allows the LLM to generate a richer and more diverse
set of documents, providing a more comprehensive contextual signal and leading
to performance levels comparable to using real context. This justifies our choice of
J" = 512 for the main results, although smaller values of J’ still offer improvements.

Impact of LLM Choice. To assess the sensitivity of our synthetic context generation
approach to the choice of LLM, we compared the performance when using GPT-40
versus the open-source Llama-3.3-70B-Instruct (Llama 70B) model. This
comparison, the results of which are shown in Table 3.4, focuses on the two embedding
methods directly employing LLM-generated context: our proposed ZEST framework and
the synthetic GSC baseline.

As shown, the advanced capabilities of GPT-40 translate to more effective synthetic
context for both GSC and ZEST, outperforming Llama 70B by 1.05 points for GSC
and 1.11 points for ZEST. However, it is noteworthy that ZEST still demonstrates a
clear advantage over GSC even when both utilize Llama 70B, with ZEST achieving a
score of 62.96, maintaining a lead of 0.25 points over GSC’s 62.71. This suggests that
while the quality of the generator LLM is impactful, ZEST’s exemplar-guided hierarchical
synthesis strategy provides inherent benefits in creating more effective domain-specific
context, regardless of the specific LLM employed.
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LLM used for Synthesis GSC  ZEST

GPT-40 63.76 64.07
Llama-3.3-70B-Instruct 62.71 62.96

Table 3.4.: Influence of the generating LLM on retrieval performance via synthetic
context. Average MTEB NDCG@10 scores for GSC and ZEST using k = 5
and )’ =512.
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CDE at equal context sizes, with constant examples (R), with constant J' = 512
k =5 examples. synthetic documents. We compare it to the

performance of GSC, which does not use
domain anchors.

DISCUSSION

The strong performance of ZEST, achieving comparability with CDE using real context
(J = 512), underscores the capability of modern LLMs to act as effective simulators of
domain-specific corpus characteristics based on minimal examples. Effectively, we
treat the LLM as a giant database that we retrieve our synthetic documents from. The
synthetic context SZsymh captures not just topical relevance but also implicit statistical
patterns (such as term co-occurrence and relative frequency) and stylistic elements that
the pretrained CDE model leverages for adaptation. While not a perfect replacement for
the real corpus, the synthetic context provides a remarkably effective proxy, enabling
high-performance context-aware retrieval where it was previously infeasible.

Computational Considerations. ZEST introduces an offline cost for generating
Deyntn-  Importantly, this represents a one-time, offline process per target domain.
Specifically, generating P, using GPT-40 via its AP results in synthetic documents
with an average length of 255.6 output tokens, compared to 225.1 tokens for the
benchmark documents. The online inference cost for ZEST involves only the standard
forward pass using the precomputed synthetic context embeddings {Cj}, similar to that
of CDE using real context. In our experiments, the time for the hierarchical generation
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process is negligible compared to inference. This compares favorably to the resources
required for alternative adaptation strategies, which typically demand significant GPU
hours for finetuning and/or assume the feasibility of corpus access for data acquisition
and processing.

Qualitative Insights. Examining samples from 9 .., — see Appendix Section D.4
— reveals the ability of LLMs to generate relevant and stylistically consistent documents
for a specific domain. However, occasional generic or less relevant documents do occur,
potentially limiting performance.

3.4.6. RELATED WORK

Neural Dense Retrieval. Neural retrievers learn to map documents and queries into
a shared embedding space, optimizing a contrastive loss for efficient retrieval [48-50,
65, 66]. However, their context-agnostic design makes them vulnerable to domain
shifts when the test corpus differs from pretraining data [51]. Our work builds on this
foundation but injects domain signals at inference without requiring access to the full
corpus.

Context-Aware Embeddings. To mitigate corpus shift, recent methods augment
models with contextual information drawn from neighbor documents. Contextual
Document Embeddings [53] and late-interaction models like ColBERT [58, 67] refine
each embedding by reading a subset of the target corpus at inference. While effective,
these approaches assume unrestricted access to the entire document collection—an
assumption that fails in privacy-sensitive or large-scale environments. Semi-parametric
language models such as RNN-LM [68] or non-parametric transformers [69] also
incorporate external information, yet focus on embeddings for text generation rather
than retrieval embeddings. In contrast, ZEST replaces the real neighbor set with
a compact, LLM-generated proxy, enabling analogous context-aware gains under a
zero-access constraint.

Test-time and unsupervised retrieval adaptation. A rich line of work explores
adapting retrievers to new domains without labeled data. Unsupervised corpus-aware
pretraining methods (e.g., GPL [56], LaPraDoR [70], SimLM [71]) fine-tune on the
target documents themselves, while few-shot or parameter-efficient schemes (e.g.,
TSDAE [72], adapters [73], prompt tuning [74]) require some labeled examples.
Test-time techniques such as pseudo-relevance feedback [63, 75] or Boot&Switch [57]
adjust queries or model parameters on the fly but likewise need access or online
optimization. Unlike these methods, ZEST performs training-free adaptation: it freezes
all model weights and synthesizes a proxy context once offline from only a handful of
example documents.

Synthetic data generation for retrieval. LLMs are now routinely used in
retrieval-related tasks to fabricate documents via few-shot prompting [76], for
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supervision—such as with Promptagator [74] and CRAFT [77]—or to curate hard
negatives [78]. Prior work typically deploys the synthetic text for training [54]. In contrast,
ZEST exploits LLMs at inference time: the generated mini-corpus acts as a stand-in
reference that unlocks corpus-aware embeddings without accessing the target corpus.

3.4.7. CONCLUSION

We introduced ZEST, a novel method that enables context-aware document retrieval
adaptation without requiring access to the target corpus. By employing LLMs guided by
few-shot examples to synthesize a representative context corpus offline, ZEST allows a
pretrained contextual embedding model to adapt effectively during online inference. Our
findings show ZEST substantially improves zero-shot retrieval over context-agnostic
methods, nearing the performance of models with full corpus access. ZEST addresses
a critical practical limitation of context-aware models, offering a viable path toward more
adaptable and effective document embeddings in scenarios constrained by corpus
access, privacy, or scale. This data-centric adaptation strategy opens new possibilities
for deploying sophisticated retrieval models in challenging real-world environments.

3.4.8. LIMITATIONS

Despite its effectiveness, ZEST has limitations. Its performance is inherently linked to
the quality of the LLM-generated synthetic context, as it remains a proxy for the true
corpus statistics. The reliance on LLMs introduces dependencies on external APIs
and associated costs for the offline generation step. Furthermore, potential biases
present in the LLM or 2, could be amplified in the synthetic context, requiring careful
consideration in sensitive applications. Finally, the selection of R examples introduces
variability; automating or guiding this selection could improve robustness. We leave this
to future work.

Future work could further explore: (1) finetuning open-source LLMs specifically for
high-fidelity context generation to reduce dependencies and (2) developing techniques
for automated quality assessment of the generated 9, and potentially filtering or
refining it.

3.5. FROM SYNTHETIC CONTEXT TO MULTIMODAL
CONTEXT

Part Il (Section 3.4) demonstrated that effective, domain-relevant context can be
supplied without direct access to the target corpus by synthesizing a compact proxy that
can be used to conditions a frozen context-aware encoder at inference time. Using a
handful of exemplar documents to guide hierarchical anchor generation, we construct a
synthetic corpus whose statistics approximate the target domain, yielding contextual
embeddings that approach the performance of embedding models with full corpus
access while respecting privacy and deployment constraints.

However, effective contextual knowledge is not purely textual, and is needed
in domains beyond embeddings. Many linguistic ambiguities are resolved by
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extra-linguistic cues such as layout, scene composition, or visual co-reference. In
the spirit of targeted knowledge injection, we next examine multimodal context as
an inference-time signal that can be injected without parameter updates: page- and
panel-level visual information that disambiguates utterances, speaker intent, and local
story state.

Part 11l (Section 3.6) of this chapter operationalizes this idea for multimodal translation,
a setting where visual evidence is often essential for disambiguation. We compare
text-only baselines to image-informed methods and long-context variants. Further,
we evaluate when visual context helps while excessive textual context hurts. This
multimodal case study complements previous parts by showing when and how visual
signals act as effective targeted contextual knowledge at inference time.

3.6. PART IIl: CONTEXTUAL ADAPTATION IN MULTIMODAL
SETTINGS

3.6.1. INTRODUCTION

A Japanese style of comics — referred to as manga — has been popular with audiences
outside of Japan for decades. Handcrafting high quality translations, key to distributing
manga world wide, is a difficult undertaking that takes significant time and effort. As
such, most manga never leave the domestic Japanese market. Additionally, readers
who do not speak a language into which manga is typically translated have limited or no
access at all due to the high initial costs of translations.

The use of Neural Machine Translation (NMT) promises seamless translations from
one language to another without involving a human translator [79, 80]. Still, successful
applications of NMT to manga — or comics in general — remain limited, and automatic
methods remain far from being able to reliably translate manga at a level comparable to
humans [81]. This is in part due to the unique requirements of manga as a translation
problem, which involves literary translation, handling split sentences across multiple
speech bubbles, and especially resolving ambiguities using visual information. For
example, in Figure 3.6, achieving an accurate translation requires integrating both
textual and visual context from the current and preceding scenes.

Research into manga-specific NMT methods is limited, focusing mainly on
Japanese-English translation due to a lack of parallel corpora for other language
pairs [81, 82]. Of these, only one method has attempted incorporating visual context
into a model via a limited number of descriptive tags, yielding inconclusive results [81].
Previously proposed models were trained on a private JA-EN data set, which is not
shareable due to copyright [81, 82]. Although there exist several general purpose
manga data sets, such as Manga109 [83, 84], so far only one manga translation data set
has been published for research purposes: OpenMantra [81]. However, its limited size
makes it effectively an evaluation data set only, making it challenging to train models.

Large language models (LLMs) have shown to be capable translators across
languages [85, 86]. The release of multimodal LLMs — those that make use of visual
information in addition to text — makes translation of media with visual nuance a
possibility [87]. This potentially bypasses the need for large parallel manga corpora for
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PREVIOUS PAGE:

The waitress turns off the TV as the
content disturbs her.

GROUND TRUTH:

Suzume-chan!

LBL:

{ Little Sparrow!

pePT:

Suzume-chan!

LBL-VIS ®:
W suzume-chan!
| pep-vIis H®:
’ Suzume-chan!

T - method with full text context
® - method with visual context

Figure 3.6.: Comparison of translation outputs for methods with different context types.
The preceding scene visually shows a TV, giving context to the complaints
in purple. The previous and current scenes are set in a restaurant, making it
improbable that “Suzume” refers to a sparrow rather than being a name.

each language pair as LLMs do not need to be finetuned by the user. Still, it is not clear
how to best use these as effective manga translators.

In this chapter, we present a translation methodology using a multimodal multilingual
LLM. We evaluate a range of LLM-based translation approaches to empirically assess
the impact of visual context, translation unit size, and context length. We do this using
an existing JA-EN manga data set and a new Japanese-Polish data set created for this
purpose. The JA-PL translation direction is chosen for its unique challenges, particularly
due to the significant differences in syntactic structures and semantic nuances
between Japanese, English, and Polish, and to address a low-resource language that
nonetheless has a market for manga [88]. Finally, we contribute an open-source manga
translation evaluation suite that allows users to choose the granularity of available
context, provides automatic evaluation metrics, and enables testing of different LLMs.

In summary, our contributions are as follows:

* An LLM-based multimodal manga translation methodology that achieves
state-of-the-art results on JA-EN translations and can serve as a baseline for
low-resource languages.

» An annotated set of 400 professionally translated manga pages (3705 sentences)
that make up the first ever parallel JA-PL manga translation benchmark data set,
as well as the largest manga translation data set to date.

 The first publicly available automatic manga translation evaluation software suite.
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3.6.2. RELATED WORK
AUTOMATIC METHODS FOR MANGA

Up to this point, the development of automatic manga translation methods that
incorporate multimodal context has been limited. Hinami et al. [81] first proposed an
NMT system for manga that makes use of contextual information obtained from images
to inform the translation. Their method is restricted to a single frame of context and
the visual information obtained from the images is limited to 512 predefined labels.
Further work has explored the use of an additional frame or manga metadata to improve
translation quality [82], however, without visual context. Instead, we propose taking
additional textual content of up to the entire manga volume into account to improve
translations, as well as the full manga image without predefined labels. Outside of
translations, Chen et al. [89] propose a sentiment analysis method on manga text
and Guo et al. [90] propose an approach that makes use of both visual and textual
modalities to complete empty speech bubbles in existing manga. There has been
sparse early-stage research into automatic methods for similar media, such as graphical
novels [91] and American comics [92].

LARGE LANGUAGE MODEL TRANSLATIONS

Translation using LLMs is appealing due to their ability to generate high-quality
translations for various language pairs without the need for training on extensive
parallel corpora or fine-tuning [93]. LLMs have previously been shown to be capable
translators [94], as well as evaluators of translation quality [95]. Further, paragraph
translations performed by LLMs have been shown to be effective when using basic
English prompts at the sentence level [96]. We propose multiple translation approaches
and evaluate the quality of our LLM manga translations compared to finetuned
transformer models and explore a low-resource language pair, JA-PL, as well as
contribute a data set for evaluation.

MULTIMODAL MACHINE TRANSLATIONS

Translating text embedded in images has been extensively explored in research [97, 98].
Multimodal machine translation (MMT) has so far mainly been applied to translating
image captions, outperforming the text-only baseline by leveraging additional visual
information [99]. MMT typically uses a single image with its corresponding text
description as input [100]. We investigate to what extent an increased visual context
length is effective. A further challenge comes from the discrepancy between the natural
images and their description used to train vision encoders used for MMT and manga
images, as manga has a unique hand-drawn art style with relevant text drawn into the
image [101]. Additionally, little attention has been paid to low-resource languages, with
the vast majority of MMT research focused on the most popular language translation
pairs [102, 103]. More recent LLMs have additional multimodal capabilities [104, 105],
enabling them to perform MMT, though this has not been explored for the manga use
case.
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3.6.3. METHODOLOGY

In this section, we first outline manga terminology, then present the problem, and finally
introduce our LLM-based translation approaches that take advantage of multimodality
and a longer context.

TERMINOLOGY & PROBLEM FORMULATION

Page-to-page manga translation involves three steps: (1) page processing to identify
elements on the page, detect text, and estimate reading order; (2) translating the text
into the target language; and (3) typesetting the translated text onto the page in stylized
font. The focus of this chapter is on (2), but we will discuss (1) and (3) in Section E.1.

A manga page consists of multiple story panels, referred to simply as panels, as
shown in Figure 3.7. Panels often contain text, which can be enclosed in a speech
bubble for text spoken or thought by characters, or free-flowing for background noise or
sound effects. The term line will always refer to the content of one speech bubble,
narrative box, or cluster of free-flowing text.

For multimodal manga translation, we make use of the image of the drawings on a
single manga page, such as Figure 3.7, which contains lines of text. We make the
assumption that the text contained on the page has already been recognized and is
available. Our goal is to obtain the correctly translated text for each line.

TRANSLATION APPROACHES

We use a variety of translation approaches — summarized in Table 3.5 — to assess
the impact of multimodality, translation unit size, and context length and find the most
performant configuration. To establish a baseline, our first approach is a simple
line-by-line approach (LBL). This means that the model receives one single line to
translate at a time, without any additional context about the manga it is translating.
Previous research has shown that LLMs perform better on translation tasks when
given the entirety of a text compared to snippets, as they are able to incorporate the
broader context more effectively [106]. As such, the second approach we evaluate is
page-by-page (PBP), where the model is given all lines from a given page in the correct
reading order and outputs all the corresponding translations.

MULTIMODAL TRANSLATION

Ideally, we would provide the LLM with just the image and it would recognize the text,
obtain the visual context, and perform the translation. However, current models are not
capable of this. Instead, we investigate approaches where the model is given the lines
on a page to translate, along with the corresponding image as additional visual context,
enabling multimodal translation.

The first approach we investigate is the multimodal equivalent to LBL, referred to as
LBL-VIS, where the model receives lines and the corresponding page image as visual
context. The second approach utilizing visual context is PBP-VIS, which involves
giving the model the entire text from one manga page and the page itself as an image.

The final approach aims to directly address the issues that multimodal LLMs have
with reading non-Latin scripts. The setup is the same as PBP-VIS, but the image of the
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Figure 3.7.: A manga page: panel borders (green), example lines in speech bubbles
(purple), free flowing text (orange) and sound effects (red). Courtesy of
Akamatsu Ken, ©Kodansha

manga page is modified to avoid the LLM performing any optical character recognition
(OCR). The contents of the speech bubbles in the image are removed and replaced with
numbers indicating the reading order and corresponding to the list of Japanese lines the
model is given to translate (see Figure 3.8). We call this approach PBP-VIS-NUM and
it enables the model to locate the speech bubble more easily and relate its content to
the exact panel in which it was placed, without performing any OCR on the text itself.

LONG-CONTEXT TRANSLATION

Intuitively we want to make use of context lengths exceeding single lines or pages
to adequately capture evolving story lines and character development and accurately
translate entire stories in an internally consistent way. The remaining approaches we
present are designed to address this.
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Figure 3.8.: Fragment of a page annotated for the PBP-VIS-NUM method ©Mitsuki
Kuchitaka.

The first of these multi-page approaches provides the model with the previous and
next page as additional context to give more information to the LLM. We refer to this as
VBP-VIS-3P, as it translates the volume sequentially one page at a time (VBP), using
visual context (VIS), and using three pages’ worth of context (3P). Going a step further,
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Approach Translation Unit Textual Context Visual Context
LBL line line x

PBP page page x
LBL-VIS line line page
PBP-VIS page page page
PBP-VIS-NUM page page num. page
VBP-VIS-COD page page + sum. page
VBP-VIS-3P page 3 pages 3 pages
VBP-VIS-ALL page vol. + trans. volume
VBV-VIS volume volume volume

Table 3.5.: Overview of the studied translation approaches and their respective
translation unit size and context. Abbreviations: “num.” is number of, “sum.”
is summary, “vol.” is volume, and “trans.” is translation so far.

we explore VBP-VIS-ALL, where the model is provided with the images and lines from
an entire manga volume, as well as all the translations so far, and queried to translate
the next untranslated page. This process is repeated sequentially for every page in the
volume.

As the input and output length increases, the limited context windows of LLMs
are quickly exhausted and performance is diminished [107]. To overcome this, we
introduce the scalable VBP-VIS-COD approach, where we extend chain of density
summarization (COD) [108] to keep a rolling, fixed-length summary of the story’s
developments as our context. Besides the image and its corresponding text, the model
is given a summary of the story thus far in the target language as additional context. For
a detailed overview of this approach, see Section E.2. The last evaluated approach,
VBV-VIS translates an entire manga volume in a single call. Similar to VBP-VIS-ALL,
we provide the LLM with the texts and images from an entire manga volume, but then
instruct it to respond with the translations for the entire volume in a single query.

3.6.4. DATASETS

However, from a research perspective, the main issue with manga is that, due to its
commercial nature, most manga is protected by Japanese and local copyright laws [109].
Previous manga-related works have addressed this problem in different ways. Some
researchers resort to using private data sets [81, 82, 110], while others use the very few
publicly available copyright-free manga, accepting the trade-off of unlabeled data [111].

To date, there has been only one manga translation data set made public for research
purposes — the OpenMantra data set by Hinami et al. [81]. It consists of five independent
Japanese-language manga volumes, totaling 214 pages (1593 speech bubbles). Details
of this data set are shown in Table 3.6. Each volume in this data set has annotations for
the locations of panels and text boxes on the page, as well as the contents of the text
boxes, and the reading order, with professional translations into English and Chinese.
We use this data set to evaluate JA-EN translations, splitting it into two parts: validation
set (Balloon Dream and Tojime no Siora) and test set (Boureisougi, Rasetugari, and
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Tencho Isoro).

NEW JAPANESE-POLISH MANGA DATA SET

In addition to JA-EN, we explore JA-PL translation; as English and Polish belong to
different language families, diverge significantly in terms of morphology, and have
different grammatical structures. We provide professional JA-PL translations of the
slice-of-life manga Love Hina to create a data set for research purposes. We make
volumes 1 and 14 available and our annotation process closely follows the existing
annotations of the Japanese text. The newly contributed data set contains 400 pages
and 3705 individual lines (i.e. speech bubbles, sound effects, etc.) split across the two
volumes and is distributed as a set of images, corresponding to one image per page,
and the corresponding metadata containing original and translated text, as well as their
coordinates on the page. This exceeds the previously largest manga translation data
set, OpenMantra [81], in size. We propose a 50:50 validation:test split for this data set,
using the first volume (200 pages and 1810 lines) as the test set and the last volume
(200 pages and 1895 lines) as the validation set. This decision is motivated primarily by
the fact that the first volume establishes the story, providing a fairer benchmark for the
long-context methods, as opposed to the last volume, which depends on unavailable
context, being the 14th installment in the series.

Our annotation process closely follows the existing annotations of the Japanese text.
The original lines were matched with the corresponding translated lines primarily based
on location, and if impossible, based on content. However, in edge cases the Polish
edition left very small text untranslated as a stylistic choice. The reading order was first
estimated using the tool provided by Sachdeva and Zisserman [112] and then corrected
by hand based on the actual speech bubbles. During the annotation process, we noticed
several characteristics of this title and the unique challenges it presents for translation.
Some characters in Love Hina speak the Kansai dialect of Japanese. According to the
literature, there is no consensus on how to translate this dialect into Polish, with different
translators choosing different Polish dialects [113]. Another challenge is that one of the
secondary characters speaks in a manner resembling samurai speech — a common
trope in manga [114]. Again, there is no consensus on how to convey this in Polish. As
such, users of the data set should be aware that some “incorrect” translations may be
just as valid in these cases.

3.6.5. BASELINES

We employ four baseline methods for JA-EN translations. The first two baselines,
Scene-NMT and Scene-NMT-VIS, come from the original automatic manga
translation work by Hinami et al. [81]. The first method uses a transformer-based model
to translate the contents of entire panels at once without multimodal context, while the
second method includes visual features as well. The third baseline method we use — and
current state-of-the-art for automatic manga translation — is Scene-aware-NMT [82],
which translates manga panel by panel as well, using a transformer-based model but
uses the text from the previous panel as additional context. The translation outputs
for all these previously listed methods were kindly provided to us by the authors of



3.6. Part lll: Contextual Adaptation in Multimodal Settings 87

Manga Title Genre # Pages # Lines
Balloon Dream Romance 38 314
Boureisougi Mystery 36 274
Rasetugari Fantasy 54 359
Tencho Isoro Slice-of-life 40 31
Tojime no Siora Battle 46 334

Table 3.6.: Overview of the OpenMantra dataset [81].

the respective works. This allowed us to use our own data splits and ensure that all
methods were evaluated equally and comparably.

The last baseline method we use is Google Translate (GT) due to its support for a
wide range of languages and availability. GT is our only baseline for JA-PL translations.
All GT translations were carried out in April and May 2024, using the Google Translate
API with the corresponding Python library.’

3.6.6. EVALUATION PROTOCOL
AUTOMATIC EVALUATION

For evaluation, we use a range of automated metrics applied at the sentence level. We
use a lexical n-gram matching heuristic metric in ChrF [115]. Although the reliability of
this type of metric has been questioned over the years [116], they remain among the
most widely used in machine translation [117, 118]. ChrF provides scores on a scale
from 0 to 100, where higher scores indicate higher quality translations.

The first non-lexical machine translation evaluation metric we use is BERTScore [34],
considered a good representative of the embedding-based metrics category [119].
Although not perfect, it has been shown to detect important content words and is well
suited to score candidates from different languages [120]. Next, we report scores with a
learned metric, BLEURT [121], specifically the top-performing BLEURT-20 model [122].
The last metric we report is the learned metric xCOMET [123], specifically xCOMET-XXL.
xCOMET is an open-source learned metric that performs error span detection in addition
to standard sentence-level evaluation. It is currently considered the best-performing
publicly available metric [124]. Among all the metrics we employ, it is the only one that
calculates its score based not only on the references and hypotheses but also on the
source text. BERTScore, BLEURT, and xCOMET return a score on a scale of 0 to 1,
with results closer to 1 being preferable.

HUMAN EVALUATION

In addition to our extensive automatic evaluation, we perform a human evaluation with a
professional JA-EN manga translator using the Multidimensional Quality Metrics (MQM)
translation evaluation framework [125, 126]. We use MQM with a manga-specific list of
issue types that cover different types of errors, such as accuracy, fluency, and style. A

"https://pypi.org/project/googletrans/
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complete overview of our MQM process is shown in Appendix Section E.3. Each error
type is assigned a severity level, ranging from minor to critical, depending on the impact
of the issue on overall quality. MQM provides a scoring system that allows for the
calculation of overall quality scores based on the number of identified issues and their
severity levels. These scores have an upper bound of 1 and no lower bound, with
a higher score being preferable. We choose the Tencho Isoro manga for our MQM
evaluation. We compare the official commercial translation of the manga, the GT
baseline, and our best performing approach (PBP-VIS) to evaluate how a professional
human translator would judge each.

PROMPTING

We follow the approach of previous works [86, 87, 106] and investigate the out-of-the-box
translation performance of GPT-4 Turbo [127]. The specific version we use is
gpt-4-turbo-2024-04-09 at default hyperparameters with a temperature T = 0.5,
accessed through the OpenAl Python library.> For all multimodal translations, we
append the relevant image(s) of the page(s) as a jpeg file to the LLM query via its
respective API. We run each configuration once due to the high costs involved in sending
entire manga volumes to commercial multimodal LLMs. The complete prompts we use
for every translation are shown in Appendix Section E.4. Each approach described
in Section 3.6.3 is evaluated one-shot, i.e., with one given example in the prompt. We
did not find a measurable difference between one-shot and five-shot prompting when
evaluating on the validation data. The model is always prompted in English — regardless
of the target language — as this yields the best results for LLM translations [96]. Based
on experiments on the validation data, we ask the model to explain how the image
influences the translation, ensuring that the visual context is taken into account.

MANGA TRANSLATION EVALUATION SUITE

We release our evaluation suite to advance research in automatic manga translation. It
enables benchmarking of various LLMs by adjusting textual context, visual context,
and translation unit size. The suite integrates all methods from Section 3.6.3
for comprehensive evaluation and facilitates automatic assessment using the four
previously outlined metrics. With plug-and-play functionality, researchers can easily
utilize existing data sets, including OpenMantra and ours, while introducing new prompts
and exploring alternative LLMs.

3.6.7. RESULTS
JA-EN TRANSLATION

We present our findings in Table 3.7. Among the methods proposed in previous
studies, Scene-aware-NMT demonstrates competitive performance, especially on
BERTScore, surpassing other previous manga-focused translation methods, consistent
with their reported findings. However, our proposed methods show improvements across
multiple metrics. Our basic approach, LBL, performs slightly worse than GT in most

*https://github.com/openai/openai-python
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Method JA-EN JA-PL

ChrF BRTS BLRT xCMT ChrF BRTS BLRT xCMT
GT 342 0895 0525 0.729 223 0826 0446 0.457
Scene-NMT 342 0897 0512 0.651 - - - -

Scene-NMT-VIS 345 0.895 0.507 0.664 - - - -
Scene-aware-NMT 36.1 0.903 0.534 0.670 - - - -

LBL 327 0.883 0523 0.716 242 0844 0495 0.531
PBP 36.0 0.898 0.565 0.758 256 0.852 0.538 0.565
LBL-VIS 35,6 0.900 0.551 0.746 249 0845 0515 0.543
PBP-VIS 36.6 0903 0.581 0.776 256 0.852 0.539 0.567
PBP-VIS-NUM 36.8 0900 0.582 0.776 257 0851 0.532 0.566
VBP-VIS-COD 359 0900 0.566 0.769 251 0846 0.523 0.550
VBP-VIS-3P 359 0.897 0565 0.754 256 0843 0.530 0.559
VBP-VIS-ALL 3567 0.893 0.556 0.760 249 0840 0.521 0.561
VBV-VIS 349 0.884 0539 0.733 245 0833 0510 0.534

Table 3.7.: Performance metrics for all approaches for JA-EN and JA-PL translation.
Best scores for each translation direction are in bold. BRTS refers
to BERTScore, BLRT to BLEURT, and xCMT to xCOMET as automatic
evaluation metric.

aspects. The PBP method shows substantial improvement over LBL, outperforming all
baselines on BLEURT (0.565) and xCOMET (0.758), confirming the potential of LLMs as
manga translators, even without visual context.

Visual Context The addition of visual context significantly improves scores across
all metrics for both LBL. and PBP methods. PBP-VIS and PBP-VIS-NUM achieve
the best scores across most metrics, with PBP-VIS-NUM slightly outperforming
on ChrF (36.8) and BLEURT (0.582). These results confirm that additional visual
context significantly improves LLM translation quality, representing a novel approach in
automatic manga translation. Additionally, we perform an ablation study to clarify the
role of key visual features, the results of which are discussed in Section E.5.

The results of our human evaluation are presented in Table 3.8. PBP-VIS, clearly
outperforms the GT baseline in overall score. However, according to the MQM
evaluation conducted by a single professional translator, PBP-VIS is more prone to
errors than the official human manga translation. While our method has fewer “minor”
and “major” errors compared to the official translation, it exhibits a significantly higher
number of “critical” errors. These findings indicate that although our method establishes
the current state of the art for automatic manga translation, human translation remains
superior in quality. Although these metrics provide context for assessing our method’s
efficacy, translation quality is inherently subjective and challenging to measure. While
our best translation scores lower than the official translation, we find it enjoyable to read
and coherent — a standard the GT translation does not meet.

Context Length Interestingly, providing context beyond the page level does not enhance
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JA-EN Minor Major Critical Score

Official 14 50 107 -1.31
GT 5 20 272 -4.25
PBP-VIS 8 18 160 -1.98

Table 3.8.: Human evaluation MQM results for JA-EN. Errors are listed number per
category (lower preferable) with an overall score (higher preferable).

translation quality. VBP-VIS-COD, using only a short summary of previous events,
performs better than other long-context methods across most metrics. Conversely,
VBV-VIS, which translates the entire volume in one query, shows the lowest
performance among our visual context methods. These findings suggest an inverse
relationship between translation quality and input length beyond a single page for
multimodal LLM translation. This counter intuitive result highlights the importance of
optimizing input size for LLM-based translations.

JA—-PL TRANSLATION

For the JA-PL data, we do not report the results of methods proposed by other
authors, as these are not trained on Polish data and therefore perform poorly. For
JA-PL translations, we observe that across methods, scores are generally lower
compared to JA-EN translations. However, all our approaches significantly outperform
the GT baseline. Further, we note that our top performing methods, PBP-VIS and
PBP-VIS-NUM, perform similarly on JA-PL to JA-EN.

Visual Context and Context Length Again visual context improves performance,
though to a much lesser extent than for JA-EN translation. For PBP, the impact of visual
context is minimal, with PBP-VIS and PBP-VIS-NUM performing similarly to PBP.
Long-context approaches show mixed results, again performing worse than PBP-VIS
and PBP-VIS-NUM.

IMPLICATIONS AND BROADER IMPACT

PBP-VIS and PBP-VIS-NUM consistently achieve the best results for both JA-EN and
JA-PL translations. The effectiveness of our methods across translations suggests
broad applicability to different language pairs. The cross-lingual success of our methods
indicates that the benefits of incorporating visual context in manga translation are
language-independent. Moreover, our PBP-VIS and PBP-VIS-NUM methods achieve
the highest scores across all metrics, setting the state of the art for automatic manga
translation.

Notably, we observe that translation quality does not necessarily improve with longer
context, challenging common assumptions in machine translation. This finding aligns
with previous research, which indicates that the quality of output from LLMs tends to
diminish as the length of the input increases [128]. The is contrary to the results we
observe when additional visual context is taken into account. To optimize performance
when using LLMs for multimodal translations, it is advisable to prioritize smaller input
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sizes of a single page. Translation quality tends to deteriorate more significantly as the
LLM processes longer text, even if it contains more information relevant to the story.

3.6.8. LIMITATIONS

The first limitation of this study is the amount of data used for testing. While we
make meaningful contributions to addressing this issue, there is still a severe lack of
evaluation data, making it difficult to determine how consistent our findings would be
across different authors and genres. Additionally, we only investigate one language
other than English, constrained by our ability to manually inspect outputs and analyze
model mistakes in other languages.

Related to this is the fact that some manga series span multiple volumes. Translations
of later volumes in a series would undoubtedly benefit from including earlier volumes in
the available context. Due to the lack of suitable data, we limit ourselves to translations
of single volumes, leaving multi-volume narratives to future work.

Finally, there are obvious limitations when using a commercial, closed-source LLM as
we do in this chapter, such as potential data leakage issues and the unlikely scenario
that some of the manga used might have been part of the training data. Still, the
availability and quality of open-source multimodal multilingual LLMs is very limited at this
time, and as such we leave a study using alternatives to future work.

3.6.9. CONCLUSION

Our investigation of multimodal LLMs for automatic manga translation reveals
significant advancements in this emerging field. We evaluate various LLM-based
translation approaches, considering text-only, image-informed, and volume-level
contexts. Leveraging the vision component of multimodal LLMs, we enhance translation
quality by incorporating visual elements to resolve ambiguities. However, we find that
additional textual context does not consistently improve performance. Our methodology
achieves state-of-the-art results for JA-EN translations and sets a new standard for
JA-PL translations. We also introduce the first parallel JA-PL manga translation data set
and an open-source benchmarking suite for LLMs.

These results support the knowledge injection view advanced in Chapter 3: visual
signals act as targeted contextual knowledge that can be injected at inference to
disambiguate language without parameter updates (cf. Chapter 3). They also motivate
downstream oversight: even with improved context, residual uncertainty and value-laden
trade-offs remain, linking to Chapter 4 on value-sensitive human collaboration.

3.7. CONCLUSION AND BRIDGE TO CHAPTER 4

Targeted knowledge injection improves robustness by supplying the right information
at the right interface. Section 3.2 showed that agent-in-the-loop (AIL) synthesis can
improve language model robustness by mitigating blind spots (unknown unknowns) by
translating diagnosed failure patterns into small, hypothesis-guided additions to the
training data that reduce high-confidence errors while preserving overall accuracy.
Further, Section 3.4 demonstrated that when direct corpus access is infeasible, we



92 3. Knowledge Injection: Mitigating Blind Spots and Adapting to New Contexts

can recover most of the performance gains of context-aware embeddings by replacing
real documents with a compact, hierarchically synthesized proxy corpus generated
from a handful of exemplars, enabling zero-shot domain adaptation without parameter
updates. Finally, Section 3.6 motivated contextual knowledge beyond text: in multimodal
translation, visual cues function as targeted context that improves disambiguation and
clarifies when additional evidence is necessary.

Together, these results support a pragmatic view of knowledge injection to improve
model performance and robustness: reactive AIL can locally adjust decision boundaries
around observed blind spots, while proactive (and, where applicable, multimodal
context) provide needed information at inference time. Across both mechanisms we
observed diminishing returns and risks of overfitting to synthetic artifacts. We prioritize
small, testable interventions with explicit guardrails over indiscriminate augmentation,
reducing the risk of negative transfer. Yet targeted knowledge injection alone — while
beneficial to improve model performance and robustness — cannot by itself determine
when model outputs should be trusted. Residual uncertainty, distribution shift, and
value-laden scenarios introduce trade-offs that accuracy or confidence do not capture.
The following chapter develops value-sensitive Al alignment, formalizing how to elicit
stakeholder priorities and translate them into principled escalation policies that decide
when to defer to human experts instead of blindly trusting the model.
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Beyond Correctness:
Eliciting Human Values for
Improved Alignment

Robust deployment in value-laden settings often fails not through factual error but
through misaligned decisions made with misplaced confidence. Building on the
thesis’s three-pillar approach laid out in Chapter 1, this chapter formalizes Pillar 3: a
value-sensitive handover framework that replaces confidence-only thresholds with a
ratio-scale signal of user-perceived value elicited via Magnitude Estimation (ME). We
map ME judgments to scenario-level utilities for correct/incorrect decisions and rejection,
and optimize global or class-conditional thresholds to maximize expected total value,
enabling model selection by value rather than accuracy. In a social media moderation
study, our ME methodology exhibits strong reliability and validity and, when used to
optimize reject policies, improves total value on both seen and unseen data compared
to purely confidence-based baselines. This approach addresses the miscalibration
of model confidence and steers escalation and deployment choices according to
human values rather than proxy metrics. The result is a principled, auditable pathway
for human-Al collaboration that prioritizes alignment and stakeholder priorities in
high-stakes contexts.

Parts of this chapter are based on work published in:
* How Do You Feel? Measuring User-Perceived Value for Rejecting Machine Decisions in Hate Speech
Detection [1].
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4.1. OVERVIEW AND MOTIVATION

Language models increasingly support high-stakes decisions across moderation,
healthcare, and governance. Their fluency and breadth of knowledge motivate ambitious
deployments, yet practical use reveals a persistent gap between apparent competence
and reliable, value-aligned behavior [2]. Models can produce specific, confident outputs
that are nevertheless wrong or misaligned with stakeholder priorities. This gap is
exacerbated under distribution shift and novel inputs, where performance and calibration
degrade [3, 4]. While benchmark results and impressive demonstrations suggest wide
applicability [5, 6], robust deployment requires a principled way to decide when to trust
model outputs and when to escalate to human experts.

As outlined in Chapter 1, high-confidence errors under shift and miscalibration motivate
escalation criteria grounded in stakeholder value rather than proxy metrics. Conventional
escalation policies rely on model confidence thresholds or accuracy-oriented model
selection. However, confidence is often miscalibrated — including for modern models
trained with instruction tuning and human feedback — and can fail to track reliability
in the wild [7, 8]. Miscalibrated certainty is particularly dangerous in value-laden
contexts, where high-confidence errors bypass human oversight precisely when expert
intervention is most needed. In addition to calibration issues, confidence-based policies
implicitly optimize proxy objectives detached from the actual distribution of harms and
benefits that stakeholders care about. This misalignment manifests as automation bias
and over-reliance on model outputs when confidence is high [9], and as degraded
human-Al collaboration performance when mental models are not aligned with the
system’s limitations [10]. While selective prediction and reject-option methods learn
confidence thresholds from empirical correctness [11], they typically do not encode
stakeholder-specific utilities for different error types. A robustness program centered
solely on accuracy, empirical correctness, or confidence is therefore insufficient for
governing when models should act autonomously and when they should not.

We ground the chapter in the following research question from chapter 1:

RQ3. Can a quantitative measure of user-perceived value provide a more reliable
signal than model confidence for determining when to escalate decisions to human
experts in value-laden contexts?

We develop Pillar 3: improving alignment by value-sensitive human—Al collaboration
via principled escalation. We propose to replace purely confidence-based thresholds
with a ratio-scale signal of user-perceived value elicited through Magnitude Estimation
(ME) [12]. Rather than asking, “How sure is the model?”, we ask, “How much does this
decision outcome matter to stakeholders?” The resulting per-scenario utilities quantify
perceived gains for correct decisions and costs for incorrect or rejected decisions.
These values induce thresholding policies that optimize expected total value, moving
selection and escalation criteria closer to what stakeholders actually care about. In
contrast to pairwise-preference approaches used in RLHF [13], ME provides a cardinal
signal suitable for direct use in policy optimization.

Positioning within the thesis, Pillar 3 complements diagnostics from Pillar 1 (Chapter 2)
and targeted data interventions from Pillar 2 (Chapter 3). Pillar 1 shows that distilled
reasoning improvements can be driven by stylistic replication rather than genuine logical
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competence [14], highlighting the need for explicit signals that reflect downstream
stakes rather than surface form. Pillar 2 introduces agent-driven, targeted synthetic data
to characterize and remediate blind spots [15]. While these diagnose and intervene
on failure modes, residual disagreements about acceptable risk persist in deployment.
Pillar 3 provides the governance mechanism: use value-sensitive thresholds to decide
when to accept model outputs and when to escalate, aligning system behavior with
stakeholder priorities even when confidence is unreliable.

We instantiate and validate this approach in social media moderation, a domain
where the stakes of errors are asymmetric and socially consequential. Building on prior
human-centered robustness perspectives [2] and evidence that modern models can
exhibit strong capabilities yet remain brittle under shift [3, 4], we frame moderation
as a decision with an explicit reject option (handover to humans). Using ME, we
elicit scenario-level utilities for correctly accepted, incorrectly accepted, and rejected
decisions, then learn thresholds that maximize expected total value on validation data.
Empirically, and consistent with prior results, we find that value-optimized thresholds
differ from accuracy-optimized ones and can better select appropriate models, improving
total value in deployment [1].

The broader implication is a shift from proxy optimization to stakeholder-centered
governance. Where calibration is imperfect [7, 8] and distribution shift common,
confidence in isolation is an insufficient basis for escalation. ME provides a principled,
ratio-scale alternative that we can use to define and optimize policies directly against
stakeholder value. In doing so, Pillar 3 connects high-level human-centered robustness
goals [2] to actionable decision rules and integrates with targeted knowledge injection
(Chapter 3) and reasoning diagnostics (Chapter 2). The remainder of this chapter
introduces background on human—Al collaboration and value elicitation, including
the reject option and selective prediction, formalizes the value model and threshold
optimization, and presents measurements and results from our hate speech study.
We close with limitations and ethics, and discuss how value-sensitive escalation
complements the thesis’s reasoning and knowledge pillars.

To conclude this introduction and make RQ3 empirically actionable for the remainder
of the chapter, we articulate the hypothesis that guides our evaluation.

Hypothesis H3a Magnitude Estimation-based escalation policies achieve significantly
higher human—Al agreement and outperform confidence-threshold baselines in the
accuracy of escalation decisions and total value, across value-sensitive scenarios.

We test H3a by mapping ME judgments to scenario utilities, optimizing value-aware
thresholds, and comparing against confidence-based selection and reject rules in our
hate speech moderation study, reporting agreement and value metrics on both seen and
unseen data.

4.2. INTRODUCTION TO MEASURING USER-PERCEIVED
VALUE

Hateful content spread online through social media remains a significant problem.
Ignoring its presence can lead to psychological harm and even result in violence
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and other conflicts [16—19]. Governmental institutions and social media platforms
are increasingly aware of these risks and are combating hate speech. For example,
the European Union developed a Code of Conduct on countering hate speech [20],
requesting large social media companies to moderate hate speech and report their
progress yearly. However, results reported so far are not yet satisfactory, as, for
example, less than 5% of hateful content has been removed from Facebook [21].

Hateful content moderation is either carried out manually or automatically by
computational algorithms, where manual moderation may be more reliable but is not
scalable to handle the deluge of user-generated content [22]. Further, continuous
exposure to harmful content can be harmful to moderators as it can induce mental
issues and potentially even lead to acts of self-harm [23]. Computational solutions
are, therefore, urgently in demand by online platforms [24]. The methods considered
best suited to this task are mainly based on machine learning, which has achieved
reasonable performance at scale [25]. Yet, machine learning methods are far from being
reliable, especially in dealing with hateful content previously unseen in the training data,
which is often limited in size and biased [26]. Several recent studies on hate speech
have shown a significant drop in machine learning performance when assessed on
different data from those captured in the training phase [27, 28].

An approach that can combine the strengths of both previously mentioned approaches
is human-Al collaboration, where humans are involved to solve Al-hard tasks, typically
by taking over decisions where machines are unreliable [29, 30]. Such an approach is
favorable in applications where decisions involve high-stakes and incorrect decisions
can lead to damaging effects, as is the case for hate speech detection. Human-Al
collaboration has been advocated in the human computation community [29, 31, 32] and,
likely, is also an approach widely being used in enterprise applications such as search
and conversational agents [33]. Despite this, methods for implementing human-Al
collaboration so far are limited to predefined heuristics and have largely ignored the
complexity of real-world problems, especially the cost of incorrect predictions being
context-dependent.

Common heuristics of task handover from machines to humans are based on
machine confidence: humans take over the task when the confidence of the machine
in its decision is lower than a predefined threshold [30]. Such heuristics assume
that machine confidence is well-calibrated, that is, a decision with high confidence
should be more likely to be reliable and vice versa. This assumption however does
not hold for many machine learning models, especially deep learning models, which
may indicate high confidence when decisions are incorrect or vice versa [7, 34]. An
improved approach is proposed by Geifman and El-Yaniv [35] which determines the
appropriate confidence threshold based on empirical evidence of machine correctness,
e.g., based on the accuracy-threshold curve obtained on an empirical dataset. Such
an approach, however, does not take into account the implications of right or wrong
decisions. Incorrect decisions in high-stakes domains have a larger impact that, in turn,
should pose a stricter constraint on accepting machine decisions, e.g., via a higher
confidence threshold. Similar ideas have recently been discussed in position papers
that advocate the adoption of the notion of context-dependent value as a replacement of
accuracy, the most common metric in machine decisions assessment [36, 37]. Value,
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however, is an abstract term — it can be interpreted from social, ethical, or commercial
perspectives [38—40] — yet the discussion on what creates value and how to measure
it, specifically in a machine learning context, is limited due to it depending on the
application.

In this chapter, we study the problem of operationalizing value perception of machine
decisions and its integration into human-Al collaboration in the specific context of hate
speech detection. We start by identifying several factors that may affect the value
definition, namely the selection of a specific stakeholder’s standpoint and the relativity
of value perception as affected by stakeholder expectation or regulation. We then
operationalize user-perceived value in hate speech moderation scenarios, where a
decision with a corresponding confidence has been made by a machine. To measure
these perceptions, we explore several measurement scales and propose to select
Magnitude Estimation (ME) [41] as the primary scale. ME allows the measurement of
the magnitude of user (dis)agreement using an unbounded scale and makes it possible
to obtain the relative ratios between the magnitudes of different machine decisions.
These ratios are essential to determine the optimal confidence threshold for rejecting
machine decisions (see section 4.2.1).

To validate ME in value operationalization, we designed a survey study where
we recruited 160 participants. Each participant’s perception regarding a dataset of
40 selected hateful and non-hateful tweets and their (dis)agreement regarding the
corresponding machine decisions were evaluated. Through a between-subject study,
we show that Magnitude Estimation returns results with significantly higher inter-rater
reliability compared to other scales, showing its suitability in measuring user perception.
Our results show that the inter-rater reliability is significantly higher for incorrect
decisions than for correct decisions, indicating a strong consensus among participants
regarding the consequences of harm, as well as disagreements on what constitutes
hate online. Further, users appear to be more negatively affected when a non-hateful
post is subject to moderation than when an instance of hate speech is classified as
non-hateful, implying that users would rather contend with an instance of hate speech
than have an innocent user punished for a non-hateful post.

To demonstrate the utility of value integration in human-Al collaboration, we evaluate
the effect of rejecting machine decisions made by three machine learning-based hate
speech detection models — including traditional, deep learning, and BERT-based models
[42] —in handling data from both seen and unseen sources. Our results show that for
all three models, when evaluated on unseen data, the optimal confidence thresholds
determined by the model-delivered value are much higher than the optimal thresholds
on seen data. These results confirm the findings from previous studies on machine
biases and demonstrate the effectiveness of using value as a target for optimally
rejecting machine decisions. We further show that when selecting the optimal model,
using value as the criterion returns different results compared to using accuracy. Note,
that our approach to measuring value perception can be applied to different tasks and is
model-agnostic.

In summary, we make the following key contributions:

* We introduce Magnitude Estimation as a scale for measuring user perception of
machine decisions in scenarios where these decisions are correct and incorrect;
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* We demonstrate the applicability of Magnitude Estimation through a between-
subject survey study, as well as the utility of value for optimally rejecting machine
decisions;

* We contribute a set of insights into user-perceived value of automated machine
decisions, especially their attitudes towards different types of (mis)classifications.

We now introduce the background of value-sensitive rejection of machine decisions
in a hybrid human-Al workflow, based on previous work [36, 43], and subsequently
identifies factors that influence value perception in hate speech detection.

4.2.1. REJECT OPTION AND SELECTIVE PREDICTION

We consider the general case of human-Al collaboration as follows: the machine
decision can either be accepted or rejected; if rejected, the decision will be taken over by
a human decision maker. Formally, consider a binary classification problem for which we
have a machine learning classifier, whose output on a data item x is confidence, ¢, (e.g.,
the output from the softmax layer of a neural network). The rejection is dependent on a
threshold denoted by T € [0, 1], which then modifies the final output of the machine as

(4.1)

- _ |y, ¢ 2T,
y,, otherwise.

where y denotes an accepted decision and y, denotes the special decision of rejection,
resulting in a human making the final decision.

We now discuss how the optimal confidence threshold for rejecting machine decisions
is affected by the value formulation. We consider the binary classification case: when
the machine decision is either positive (i.e., the content is deemed hateful) or negative
(i.e., non-hateful). There is a value, V, attached to each of these, depending on whether
this positive or negative decision is correct or not. This results in true positive (TP),
true negative (TN), false positive (FP), false negative (FN), and rejected predictions as
possible outcomes. Vyp and V) are positive, while Vgp, Vep, and rejected predictions,
V,, are negative (i.e., costs). The optimal threshold for positive classifications is:

= Vep _ i
Vep=Vrp  ¥P+1

4.2)

if we assume V;p = -yP - V;p, that is, the cost of a false positive is y” times worse than
the value of a true positive. Similarly, in the case of negative classifications, the optimal

threshold would be T = YZL where Vgy = -y" - Vqy, i.e., the cost of false negative is y"
times worse than the value of a true negative.

When the cost of incorrect decisions is very high, i.e., y > 1, the optimal confidence
threshold would tend close to 1, meaning almost all machine decisions are rejected.
When the cost of an incorrect decision is very low, i.e., y = 0, the optimal threshold
would be close to 0, and virtually all machine decisions are accepted. These results,
therefore, follow our intuition. An important conclusion we can draw from equation (4.2)

is that the optimal threshold is dependent only on the ratio of the value (or cost) between
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an incorrect decision and that of a correct one (per class). Threshold optimization is
the process of finding the threshold that maximizes value empirically. If a system is
calibrated before use, simulations can be used to find the optimal theoretical threshold,
which is the optimal T that maximizes value. In this chapter, T is determined by means of
calibration, done by means of temperature scaling [44], followed by a calculation of the
theoretical threshold based on the crowdsourced survey data, as it allows us to quantify
and compare the opinions of participants on the value of true and false predictions and
thus compute the ratios for our use case.

4.2.2. VALUE MEASUREMENT

We denote the value of classifying a data item correctly, or incorrectly, and that of
rejecting a classification as V., V,,, and V,, respectively. We make the following
observations when considering value for hate speech detection: 1) Value is dependent
not only on the machine learning model but also on the specific context to which
the model is applied. For example, an incorrect prediction in the medical domain
potentially has a bigger impact than one in e-commerce. In a high-stakes domain,
generally, we would assume V. >V, >V, and thus a correct machine decision saves
the cost of human moderation and accelerates the decision-making process, while a
rejection requires additional human intervention. 2) Value interpretations from different
stakeholders can vary. In hate speech detection, for example, a rejection of a machine
decision induces the cost of human moderation from the business perspective, while
from the user perspective what is more important is the exposure to hateful content. In
our study, we choose to take the user’s standpoint, and, as such, view V, to come with
an inherent cost since human moderation will be pending and the potentially hateful
content will remain visible. 3) Value is affected by both stakeholder expectations and
regulation. For example, in the hate speech detection case, when hateful content is
posted, from the user’s perspective, the value derived from a correct machine decision
depends on the user’s general expectation of how hateful content should be handled.
Similarly, the legality of hate speech in certain jurisdictions may influence stakeholder
perception.

Given the above observations, we now introduce the function to determine the total
value, V(T), of a given model with a reject option at the rejection threshold T on a given
dataset. Assuming that when accepted, correct decisions increase the overall value
and when rejected, they decrease the overall value and vice versa, then, V(T) may be
formalized as:

V(T) = Z(vp -VN, + Z(v, - VN, (4.3)
p q

where p € [TP,TN,FP,FN], q € [TP,TN,FP,FN], and N, and N, are the number of
accepted and rejected data items for the difference scenarios, respectively. Note, that
we assume that rejected decisions have a cost that decreases the overall value, i.e., V,
is negative, as users have to wait on a moderation decision. Thus, equation (4.3) allows
us to summarize the value gained and the cost subtracted into a single value for the
model by considering the value or cost of each scenario and how often it occurs, while
also taking the cost of rejection into account.
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4.3. SURVEY DESIGN

To define the relative value of scenarios, we design a survey to ask participants the
degree to which they agree or disagree with the decisions of a fictional social media
platform, SocialNet. These scenarios represent TP, TN, FP, FN, and rejected predictions.
The TP and TN scenarios imply that SocialNet successfully detects whether a post is
hateful or not hateful, respectively. The FP scenario means that SocialNet incorrectly
predicts a non-hateful post as hateful, and conversely for the FN scenario. For example,
in the FN scenario, the survey shows a hateful post to the subject and explains that
SocialNet did not identify the post as hate speech.

4.3.1. CHOICE OF THE SCALE

We use ME as the primary scale. A Likert scale was initially considered, as it is widely
used in research for retrieving participant opinions and is perhaps more intuitive for
participants [45]. However, a Likert scale is not suitable in our case, as Likert-type
items are ordinal, meaning that we only know the ranks but not the exact distances
between the items [46]. In our case, computing the relative values (i.e., ratios) of our
scenarios requires measuring the distances between different items, which cannot be
provided by a Likert scale. On the contrary, the ME scale allows us to measure ratios by
asking participants to provide numerical ratings. ME originated from psychophysics,
where participants gave quantitative estimates of sensory magnitudes [41]. For sound
loudness, a sound twice as loud as the previous one, should ideally receive a rating
twice as large.

Researchers have previously applied the ME scale to different physical stimuli (e.g.
line length, brightness, or duration) and proved that the results are reproducible, as
well as that the data has ratio properties [47]. Other works have shown that the
ME technique is also helpful for rating abstract types of stimuli, such as judging the
relevance of documents [48], the linguistic acceptability of sentences [49], and the
usability of system interfaces [50]. Thus, we conclude that ME is a promising method for
judging hate speech.

4.3.2. NORMALIZATION AND VALIDATION OF THE SCALE

The ME scale is unbounded. For example, suppose we first show a scenario and the
participant provides a value (e.g., 100) to indicate the degree of agreement. Suppose
we next present a scenario that the participant agrees with more. The participant can
always provide a higher value (e.g., 125) and not be restricted within a fixed range. The
results need to be normalized as different participants rate the agreement/disagreement
degree differently.

Multiple solutions exist for normalizing the ME scale, such as modulus normalization,
which uses geometric averaging to preserve the ratio information [47, 50]. Unlike the
unipolar ME scales used in previous research [49, 50], we use bipolar scales. Using
arithmetic averaging is inappropriate since it uses logarithmic calculations and would
disrupt the ratio scale properties [47]. Therefore, we normalize the results by dividing
the magnitude estimates of each subject by their maximum estimate. We multiply the
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normalized magnitude estimates by 100 for the sake of clarity. This way, all magnitudes
estimates are in the range [-100, 100] while maintaining their ratio properties.

Most previous research using the ME scale applies validation, such as cross-modality
validation, where estimated magnitudes are compared to the physical stimuli using
correlation analysis [49]. Cross-modality validation is difficult in domains that do not
have exact measures of stimuli, such as hate speech. Some previous work compared
ME with other validated scales [48]. In our case, we use the 100-level scale to
validate the ME scale by analyzing their correlation [51], which is a form of convergent
validation [52].

4.3.3. PARTICIPANTS AND DATA

We use Prolific to recruit crowd workers for the study.” Participants need to be at
least 18 years of age, be fluent in English, and have an approval rating of over 90%.
Participants also need to have experience using a social media platform regularly (at
least once a month). Every participant is paid an hourly wage of 9 GBP, exceeding
the UK minimum wage at the time of the study. Regarding sample size, we recruit
24 participants for the pilot study and 136 participants for the official study. Of the
recruited participants, 50% identified as female, though Gold [53] showed that there is
no significant difference when perceiving hate between genders. Half of the participants
are assigned the ME scale and the other half the 100-level scale. We choose a 90%
Confidence Interval (Cl) and 10% Margin of Error (MoE) for this study due to budget
limitations. There are billions of social media users, and according to Miller, Sedley and
Ferrall-Nunge [54], we need a sample size of 68 participants per measurement scale,
i.e., 136 participants, to reach the desired Cl and MoE.

The final dataset consists of 20 hateful and 20 non-hateful social media posts from
a public dataset [55] to build the machine decision scenarios (TP, TN, FP, FN, and
rejection). The dataset contains 13,000 English tweets, and each tweet is annotated with
three categories: hate speech (yes/no), target (group/individual), and aggressiveness
(yes/no). We first exclude tweets that are replies or contained mentions or URLs since
they have unclear contexts. Finally, we use clustering analysis to select 40 tweets for
our study. We use a cluster size of 20 for the non-hateful tweets and sample one tweet
per cluster by taking the nearest sample to each cluster centroid to obtain each cluster’s
most representative tweets. For the hateful tweets, we first divide them into four groups
using the target and aggressiveness categories. Similarly, for each hateful tweet group,
we use a cluster size of 5 and sample one tweet per cluster. We perform latent semantic
analysis (LSA), which is a combination of term frequency-inverse document frequency
(TF-IDF) and Singular Value Decomposition (SVD), and k-means clustering on each
group of tweets. We calculate the silhouette coefficient to determine the optimal cluster
size (k value) for the neutral tweets and the four groups of hateful tweets. We manually
select one tweet per cluster using a majority vote from three members of our group to
choose representative tweets and create the final set of 40 tweets.

Additional information on the study’s variables, pilot study, demographics, as well as
example tasks may be found in chapter F.

1Approved by the ethics committee of our organization.
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4.3.4. PROCEDURE AND DATA QUALITY CONTROL

The survey first presents the informed consent policy and excludes participants that do
not agree with it. Next, introductory texts are shown to explain the possible machine
decisions. In the case of using the ME scale, participants are presented with a warm-up
task to estimate different line lengths. Then, the survey asks 40 randomly shuffled
question sets regarding the TP, TN, FP, FN, and rejection scenarios (with 8 question
sets per scenario). The first question is about whether participants think the post is
hateful (yes/no). The second question is whether participants agree or disagree with the
decision made by the machine, which may be correct or incorrect, or are neutral towards
it. In the case of a non-neutral decision, the survey asks the third question about the
degree to which participants agree or disagree with the machine’s decisions, using
either the ME or 100-level scale, depending on their group. There is no time limit for the
survey.

In the middle of the question sets, we use two Instructional Manipulation Checks to
determine if the user is paying attention”. These attention checks ask participants to
select a specific option from multiple choices (e.g., "You must select Orange”). We
exclude responses from the participants who fail the attention checks or do not complete
all questions. For the ME scale, we discard responses that do not perform well in the
line length warm-up task.

4.3.5. ANALYSIS

We first compute the values for the TP, TN, FP, FN, and rejection scenarios using
the survey study data. For both scales, we convert disagreement (with the machine
decision) ratings to negative values, neutral stances to 0, and agreement ratings to
positive values. We apply convergent validity, in which a correlation analysis between
different scales (i.e., the ME and 100-level scales) is conducted to determine if they
measure the same phenomenon [52]. We expect a medium-large correlation between
both scales, meaning that ME responses small in magnitude should correspond to
100-level scale responses small in magnitude and vice versa. Finally, we analyze
reliability, which determines whether we can trust our results and achieve consistent
outcomes [52]. In our case, we use inter-rater reliability to investigate whether
different subjects give approximately the same judgments to the same scenarios and,
thus, whether the degree to which hate speech is subjective. It is measured using
Krippendorff's alpha, which we calculate using the normalized ME and 100-level values
for all scenarios.

4.3.6. RELIABILITY AND VALIDITY

First, for each survey question set, we calculate the median of all responses. This
step yields 40 values (eight values per scenario). We use the median since data
from both scales are highly skewed. Then, we calculate the mean of the values
(V7pr Vs Vep, Ven, V,) within each scenario, giving us the final five values for the TP, TN,

2prolific’s Attention and Comprehension Check Policy


https://researcher-help.prolific.co/hc/en-gb/articles/360009223553
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Magnitude Estimation Bounded Scale

a v a \'
True Positive 0.07 18.15 0.04 77.00
True Negative 0.10 36.32 0.11 86.31
alse Positive 0.39 -16.69 0.07 -51.00
False Negative 0.92 -28.08 0.14 -62.43
Rejection -0.31 -4.82 0.07 -16.37
All 0.78 — 0.44 —

Table 4.1.: Krippendorff's alpha (a) and scenario utilities (v) by scenario for ME and the
bounded 0-100 scale (S100).

FP, FN, and rejection cases. The results for both scales can be seen in table 4.1. The
total value, V, is calculated at a later point in this section using the different values.

We calculate Krippendorff's alpha to measure the inter-rater reliability of all scenarios
for each scale, as shown in table 4.1. The last row of the table contains the a values for
the entire scale, measuring the inter-rater reliability for all answers. We observe that the
ME scale has high inter-rater reliability while the 100-level scale is less reliable. Also,
participants using the ME scale tend to exhibit higher agreement regarding the FP and
FN cases and systematically disagree on the rejected cases. For the 100-level scale,
we observe that participants have low agreement on all scenarios.

We analyze the validity of the ME scale by comparing the median normalized
magnitude estimates with the median 100-level scores for each question set. Figure 4.1
presents the correlation plot between the two scales. A Shapiro-Wilk test indicates that
the data of both scales do not follow a normal distribution (p < 0.05). Thus, we use the
Spearman and Kendall rank correlation coefficients since these are non-parametric
tests. Spearman returned a 0.98 and Kendall a 0.89 correlation between the ME and
the 100-level scales (p < 0.05). Finally, a Mann-Whitney U test between the ME and
100-level scales gives a large p-value, indicating no statistically significant difference
between the two scales.

4.3.7. TOTAL MODEL VALUE DUE TO THRESHOLD

We evaluate the V() function (i.e., the value at different rejection thresholds) using the
values from the survey study obtained using the ME scale. We train three different binary
hate speech classification models on the Waseem and Hovy [56] dataset. The used
models are Logistic Regression (LR) with Character N-gram [56], a Convolutional Neural
Network (CNN) based on Agrawal and Awekar [57], and a DistilBERT transformer [58].
We use Temperature Scaling to calibrate the CNN and the DistilBERT models following
the approach from Guo et al. [7]. The model predictions are based on two different test
datasets: the seen dataset and the unseen dataset. The seen dataset is the test set
of Waseem and Hovy [56] and the unseen dataset is a test set from a separate but
similar source [55]. We use the unseen dataset to simulate how the models would
perform in a more challenging, realistic use case. Using unseen data that is similar
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Figure 4.1.: Plot of the convergent validity, showing the correlation between per-item
medians from ME and the bounded 0-100 scale. The S-shape reflects
floor/ceiling effects in the bounded scale compared to ME.

but separate from the training set, we also investigate the impact of bias. Finally, we
calculate the total value as a function of the threshold, V(T), for all models with the
reject option at all possible rejection thresholds (T). When T € [0.0, 0.5], all predictions
are accepted since the confidence of all predictions is above 0.5 in the case of binary
classification. On the other hand, T = 1.0 implies that all predictions are rejected. We
use the v values of the ME scale from table 4.1 to plot the results of all three models
in figures 4.2a and 4.2b using equation (4.3). The diamond-shaped markers indicate the
optimal confidence thresholds for rejection at which the model achieves the highest total
value.

Participants ascribe higher absolute values to TP and TN scenarios compared to FP
and FN ones (see table 4.1), which results in all but one model having the highest value
when all predictions are accepted (see figures 4.2a and 4.2b). The rejection rates
(i.e., the percentage of rejected predictions) and accuracies of accepted predictions at
the optimal threshold across the three classifiers can be seen in the first two rows
of table 4.2. If we were to take the view that the users’ baseline expectation is
correct machine decisions, then we can set the value of TP and TN to 0.0 and repeat
our analysis to examine how V(T) behaves as we consider only punishing incorrect
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(a) Total value versus threshold T on seen data under the full value model. The maximizing T
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(b) Total value versus threshold T on unseen data under the full value model. Curves inform
deployment-time selection without relying on accuracy alone.

Figure 4.2.: Value-Rejection curves across models for seen and unseen data with
optimal rejection thresholds indicated by diamonds. Curves inform
deployment-time selection without relying on accuracy alone.
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LR DistilBERT CNN
T Acc RR T Acc RR T Acc RR
Seen data 0.500 0.853 0.000 0.500 0.853 0.000 0.500 0.845 0.000
Unseen data 0.531 0.646 0.043 0.500 0.643 0.000 0.500 0.624 0.000

Seen (V;,=0,V;y=0) 0829 0925 0.316 0.786 0923 0.202 0.815 0.934 0.299
Unseen (V;p =0, V7, =0) 0.999 0.818 0.991 0.974 1.000 0.996 0.961 0.833 0.980

Table 4.2.: The optimal rejection thresholds (T), the accuracy of the accepted predictions
(Acc), and rejection rates (RR) of all models for both datasets using the
values from the survey across different models.

predictions without rewarding correct predictions made by the model (considering the
regulation effect discussed in section 4.2.1). Figures 4.3a and 4.3b demonstrate that the
optimal values are achieved at increased rejection thresholds (T). The last two rows
of table 4.2 show that the optimal T values result in higher accuracies for the seen data
while rejecting 31.6% of predictions. For the unseen data, we achieve high accuracies
but reject a large fraction of the predictions.

We also compare the effect of using value and the widely-used accuracy metric in
selecting the best model, shown in table 4.3. We observe that both metrics return the
same optimal model when correct predictions are rewarded, though there is a difference
between seen and unseen cases. When only incorrect predictions are punished, the
optimal models are different as measured by the two metrics: in the case of seen data,
both LR and DistilBERT perform better than CNN when measured by accuracy, while
CNN delivers the highest value; the same observation holds true in the case of unseen
data — where the optimal model switches from DistiiBERT to CNN when we consider the
value they deliver instead of accuracy.

4.4. DISCUSSION

4.4.1. VALUE RATIOS, RELIABILITY, AND VALIDITY

Our results show that TP and TN scenarios are highly valued. Participants seem to
value correct predictions more than incorrect predictions across all scenarios, regardless
of whether they are positive or negative. The value of rejected predictions is the
closest to 0 (neutral), as expected, due to them not contributing any benefit or harm,
but just delaying the publishing of the post due to the additional human moderation
effort. For both scales, we observe the same relation of scenarios in terms of values
(FN<FP<Rejection<TP<TN). The fact that correct decisions receive higher value ratings
indicates strong user appreciation of correct machine decisions. The value of FN having
a larger magnitude than the value of FP is noteworthy, as users appear to be more
negatively affected when a non-hateful post is subject to moderation than when an
instance of hate speech is classified as non-hateful. This implies that users would
rather contend with an instance of hate speech than have an innocent user punished for
a non-hateful post. This phenomenon may be explained by the Blackstone principle
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from the domain of criminal law: “Better that ten guilty persons escape, than that one
innocent suffer” [59]. However, we do consider it surprising that the value of TN is
greater than the value of TP. One possible reason could be that people disagree more
on what is considered hateful among the TP scenarios. We also encountered this
phenomenon in the survey results where most people rated TN cases as non-hateful,
while for the TP cases there were more disagreements.

Regarding reliability, Krippendorff's alpha, a, for the 100-level scale being lower than
the one for the ME scale is unexpected, as the 100-level scale is bounded with fewer
possible options. The stronger agreement for the ME scale indicates that it is indeed
suitable for this task. Since a compares the expected difference with the observed
difference, it follows that the alpha values for the entire scale should be greater than for
the individual scenarios. Generally, participants tend to have low agreement on TP, TN,
and rejection cases while they have a high agreement regarding the FP and FN cases.
Users tend to agree more regarding what constitutes a misclassified instance than
what constitutes a correctly classified instance. For the ME scale, we even observe
systematic disagreement for the rejection case, as can be seen by its negative a value.
This indicates that users are lower in agreement than one would expect by chance,
showing the wide variety of opinions regarding rejection cases by users. By considering
all answers, instead of answers for certain scenarios, we observe a greatly increased
a, as the observed difference between ratings is closer to the difference expected
by chance. For example, participants tend to agree on the classification of a single
scenario, e.g. TP, but may give different values on both scales, resulting in lower a for
the scenario but greater a across all scenarios. Beyond this, the low reliability for the
positive compared to negative predictions indicates that participants disagree on what
constitutes hate speech in the first place.

Regarding validity, we observe a strong correlation between scales, demonstrating
that the ME scale is validated for measuring people’s opinions about different hate
speech detection scenarios. The almost S-shaped curve for the data points in figure 4.1
is due to the lower and upper bounds of the 100-level scale that restrict the participants’
choices, making them more likely to assign the lowest or highest value. Meanwhile,
the data points corresponding to the ME scale are skewed towards 0 because of the
normalization.

4.4.2. VALUE FUNCTION FOR REJECTION

The purpose of the reject option is to reject predictions where the risk of an incorrect
prediction is too high. However, when we use all values obtained from the survey
to measure the value function V(T), the total value of a model with a reject option is
maximized by accepting all predictions. As shown in figures 4.2a and 4.2b, values are
positive at the beginning, decline steadily as the rejection threshold increases, and
eventually become negative as more predictions are rejected. This observation is not
surprising, as the absolute values of correct predictions are greater than the absolute
values of incorrect predictions (see table 4.1).

However, instead of rewarding correct predictions, we believe it is more critical to
emphasize penalizing incorrect predictions, as hate speech should be moderated
effectively to minimize harm. To study the effects of this we also analyze the behavior of
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LR DistilBERT CNN
V(t,) Acc V(r,) Acc V(r,) Acc
Seen data 45534 0.853 45250 0.853 44893 0.845
Unseen data 18563 0.631 19132 0.643 18385 0.624
Seen data (V;, = 0,V = 0) 4325 0.853 5172 0.853 5460 0.845

Unseen data (V;, = 0,V;, =0) 4404 0631 4213 0643 5291 0.624

Table 4.3.: The total values V(T,) and the accuracies (Acc) of all models. Here, T, is the
optimal rejection threshold.

V(1) when users do not experience an increase in value through correct classifications,
i.e. TP and TN. To achieve this, we set the scenario values v of TP and TN equal
to zero. This results in correct predictions effectively only increasing the total value
by the v of rejection when accepted and decreasing when rejected, as can be seen
in equation (4.3). The result in figure 4.3a shows a steady increase in value before it
peaks for each of the three models, eventually falling again and becoming negative as
almost all predictions are rejected. Hence, there is a strong incentive to reject some (but
not all) predictions for the seen data. At the points where values are maximized, we
found an optimal balance between accepting and rejecting predictions. Figure 4.3b
shows that the values continually rise for all three models, only peaking as the rejection
threshold approaches 1. This indicates that the model is very uncertain regarding its
predictions for the unseen data, which may be expected. Initially, at the 0.5 rejection
threshold, the value is negative as all predictions are accepted. When the rejection
threshold increases, the value rises steadily since too many incorrect predictions are
made. This indicates that the model is not performing well at the task (i.e., high
confidence false predictions), and thus the optimal condition to reject most predictions
makes the unviable model.

The results show that by penalizing incorrect predictions without rewarding correct
predictions, a significant fraction of the predictions can be accepted from all three
models. For unseen data, however, very few predictions from these models can be
accepted and the majority are rejected. Such a result confirms the bias in the dataset as
also found in previous studies [27, 28]. The results also show the utility of value as
a metric in guiding the decision on when to reject machine predictions. Value utility
is further confirmed in the results in table 4.3 from our experiment on optimal model
selection: the best model selected by value is different compared to using accuracy as
the metric.

4.4.3. FINDINGS, IMPLICATIONS, AND LIMITATIONS

Our survey study uncovers several interesting findings. First, social media users are
more appreciative of correct decisions made by the platform, with an absolute magnitude
higher than the (negative) perception of incorrect decisions. Among the correct
decisions, users especially appreciate that non-hateful content is correctly identified
and not banned. On the other hand, users show a much higher agreement on the
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negative value of incorrect decisions than correct ones, indicating a strong consensus
over the harm (from both identifying hateful content to be non-hateful, and vice versa).
These results indicate that while users appreciate correct decisions, minimizing incorrect
decisions remains an important task for social media platforms. On the methodological
side, we also believe our proposal of using ME for rating human perception can be
particularly relevant for research that aims to tackle social science problems through
quantitative approaches, like machine learning.

By integrating value as a parameter into the human-Al collaboration framework for
rejecting machine decisions, we show that value can help guide the decision of when to
accept machine decisions to reach the optimal value a model can deliver. By showing
how the number of acceptable machine decisions changes when the model is applied to
a dataset different from the training data, our results confirm findings from previous
research that such datasets are biased and hence the trained models are as well. Our
results also show that when considering value as an optimization target, the best model
selected can be different compared with using accuracy as the metric. We believe
these findings can benefit the research community and industry alike, as they present a
novel way of using a value-sensitive reject option to increase the utility of human-Al
collaboration across domains.

Our work is limited to a relatively small sample size (68 subjects per scale). We
expect the results to be more reliable at a larger sample size. Besides, optimal
confidence threshold determination relies heavily on empirical data, which may not
be available in real applications. An easier way for selecting the optimal threshold
would be using well-calibrated models, for which the optimal threshold is only dependent
on the human-perceived value. Although techniques such as Temperature Scaling
can help improve the calibration of existing neural networks or transformer models
such as DistilBERT, we still observe that all models are predisposed to producing
high-confidence errors. Finally, due to taking the users’ standpoint, we do not fully
capture the cost of the moderation team being exposed to hate speech. We leave this
as possible future work.

4.5. RELATED WORK

4.5.1. HATE SPEECH DETECTION

Online hate speech content refers to “online messages demeaning people on the
basis of their race/ethnicity, gender, national origin, or sexual preference” [60]. Its
characterizing features are properties of the target of the language, as compared to
other types of online conflictual languages, which are defined by the intention of the
author such as cyberbullying or flaming [61, 62]. A large body of discussion can be
found on conflictual languages from social sciences, political science, and computer
science [63—-65]. Hate speech-related research in computer science has identified
mismatches between the formalization of hateful content and how people perceive
such languages [26]. These mismatches conceptually are further reflected in the
technical biases of the machine learning systems used for filtering hateful content. For
instance, Grondahl et al. [28] found that F1 scores were reduced by up to 69% when
training a hate speech detection model on one dataset and evaluating it using another
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Figure 4.3.: Value-Rejection curves across models for the TP/TN=0 variant.
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dataset from a similar source. Similarly, Arango, Pérez and Poblete [27] found that most
research in hate speech detection overestimates the performance of the automated
methods due to dataset bias. In response to these findings, our work aims to explore a
human-Al collaborative approach for effective hate speech detection.

4.5.2. HUMAN-AI COLLABORATION AND REJECTION

Human-Al collaboration aims to exploit the complementarity between the cognitive
ability of humans and the scalability of machines to solve complex tasks at scale [66,
67]. Some work proposed new ways of collaboration, such as learning crowd vote
aggregation models from features of the crowd task [68] and leveraging crowds to learn
features of ML models [69, 70]. Recent work has shifted attention to human involvement
in providing interpretations of model decisions and evaluating these interpretations [71,
72].A notable idea for hybrid human-Al decision-making was recently proposed by Law
et al. [30]: humans are involved after a machine decision is observed to have low
confidence. Following works can be categorized in several dimensions, namely when
rejection happens, on what models, and based on what criteria [73]. Regarding the
“when”, rejection can be implemented in three ways: the preemptive way where whether
a data item needs to be handled by a human is decided beforehand [74]; the integrated
way which uses a rejector inside the machine learning model (e.g., a rejection layer
in a neural network) to decide whether a decision should be rejected [75]; and the
dependent way, which is also the most common, which analyzes the rejection option
after model decisions [35, 76, 77]. In terms of “what models”, work has been done on
rejecting decisions made by a range of models, such as SVMs [74, 77] and different
neural networks [75, 76]. In our case, we apply the dependent way to reject models that
are based on neural networks. In terms of “what criteria”, Geifman and El-Yaniv [35]
proposed a rejection function based on a predefined risk value, an idea also explored
in [78]. But unlike ours, their proposals do not consider the impact of machine decisions
in a specific context. The most relevant proposal to our work is from Herbei and
Wegkamp [76], who studied a confidence metric for determining the optimal rejection
threshold. In their work, the threshold is calculated with simulations based on a set
of predictions. Going beyond defining cost values from simulations, our approach
determines cost values based on users’ perception of machine decisions using a survey
study with crowd workers.

4.5.3. VALUE ASSESSMENT AND MEASUREMENT

Value is generally defined as desirable properties of an entity [79]. Specifically for
machine learning systems Yurrita et al. [80] have identified relevant properties, including
individual empowerment, conservation, universalism, and openness. Examples
include outlining ethical principles of algorithmic systems [81], developing value-based
assessment frameworks [80], and proposing new metrics for evaluating machine
learning systems that incorporate value parameters [37]. However, a research gap in
measuring value in social contexts has been identified by Olteanu, Talamadupula and
Varshney [82], who investigated human-centered metrics for machine learning evaluation
in hate speech detection. Their work highlights the gap between accuracy-based
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evaluation metrics and user perception. Our work represents a first step towards filling
the gap in the context of hate speech detection using ME with a crowdsourced survey.

4.6. CONCLUSIONS

This chapter studies the operationalization and integration of value into human-Al
collaboration for hate speech detection. We introduce a value-sensitive rejection
mechanism for machine decisions that takes into account the implications of decisions
from a user-centered standpoint. We propose ME to measure users’ value perception
regarding different hate speech detection scenarios. To validate ME, we design a survey
study, showing that it can provide a reliable, human-centered assessment of the value a
machine learning model delivers. Our survey study uncovers a series of interesting
findings on user perception. In particular, participants appreciate correct decisions
made by the platform, while they show a strong consensus over the harm of incorrect
decisions. Our results show that value assessment performed by means of ME can
guide us to select the best confidence threshold for rejecting machine decisions, thereby
maximizing model value and potentially leading to a different best model than when
using accuracy.

4.6.1. INTEGRATION WITH PILLARS 1 AND 2

The proposed handover mechanism interlocks with the other pillars to form a coordinated
robustness pipeline. Pillar 1 (Chapter 2) diagnoses reasoning behavior and failure
modes, surfacing patterns (e.g., stylistic replication or brittle chains-of-thought) that
predict costly errors under shift. These diagnostics inform where value-sensitive
thresholds are likely to bind and can prioritize categories for human review even
before they surface in incident logs. Pillar 2 (Chapter 3) then targets those recurrent,
high-value failure modes via agent-driven synthesis, reducing unknown-unknowns and
shifting the error distribution. After any material model change (finetuning or targeted
data injection), the value landscape should be re-estimated (or at least thresholds
T re-tuned) on an evaluation set to reflect the new operating regime. This closed
loop—diagnose, synthesize, re-optimize thresholds—keeps escalation policies aligned
with both stakeholder priorities and the model’s evolving capabilities. In this way,
Pillars 1 and 2 reduce the frequency of costly errors, while Pillar 3 minimizes their
impact through principled escalation. Together, they instantiate the human-centered
robustness perspective articulated in Chapter 1 and surveyed in [2].

4.7. CONCLUSION

This chapter operationalized Pillar 3 of the thesis by replacing confidence-only handover
rules with a ratio-scale, stakeholder-centered value signal elicited via Magnitude
Estimation (ME). We showed how ME produces reliable and valid judgments that can
be normalized and aggregated to obtain per-scenario utilities for correct and incorrect
decisions and for rejection. Optimizing accept-reject thresholds against these utilities
selects operating points and models that maximize expected total value rather than
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accuracy, particularly where confidence alone is a poor proxy for robustness [3, 7]. In
the social media moderation setting, value-optimized policies improved total value on
both seen and unseen data and recommended stricter acceptance in regimes where
costly errors dominate, aligning automation with stakeholder priorities and governance
constraints. These findings provide an auditable mechanism for principled escalation
that complements model-centric approaches.

Conceptually, the contribution is twofold. First, it decouples prediction from selection:
we retain the base model as a scoring device, but we govern acceptance by explicit
utilities reflecting human stakes, not by raw or calibrated confidence. Second, it grounds
escalation in a ratio-scale measurement that supports meaningful trade-offs between
harms, benefits, and review costs. While post-hoc calibration can mitigate systematic
overconfidence, it does not by itself encode stakeholder utilities, and it can degrade
under shift; value-sensitive thresholding addresses this gap by optimizing directly for the
objective we care about. Complementing the diagnostics from Pillar 1 and the targeted
synthesis from Pillar 2, this handover mechanism reduces the impact of residual failures
by routing high-stakes, ambiguous, or distribution-shifted cases to human experts even
when model confidence is high.
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Conclusion and
Future Directions

This chapter consolidates the thesis’s answer on how to improve language model
robustness: improved understanding of model behavior, targeted, diagnosis-driven
synthetic data that improves reliability under shift, and value-sensitive escalation that
governs deployment when uncertainty or unequal error costs remain. We outline
our three pillars — structure-aware diagnostics that separate style from substance,
targeted knowledge injection via agent-in-the-loop synthesis and synthetic context, and
Magnitude Estimation-based decision policies. We revisit the research questions and
consolidate evidence across domains and tasks, then derive broader implications for
system design, evaluation, and governance. From these implications, we identify
concrete gaps that define future research and close with a brief, overarching conclusion.
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5.1. SUMMARY OF FINDINGS AND ANSWERS TO RESEARCH
QUESTIONS

This thesis contributes to understanding how and why language models can be made
robust in practice, and how targeted synthetic data, structure-aware diagnostics, and
value-sensitive escalation can be utilized for improved robustness and dependable
behavior under distribution shift and uncertainty. The insights from this research can
guide both the design of language model training and deployment policies, clarifying
when to prioritize stylistic versus substantive reasoning, when to invest in targeted data
generation, and when to defer decisions to human expertise based on stakeholder
value. Improving robustness of language models allows researchers and practitioners to
reduce high-confidence failures, sustain performance across domains and modalities,
and operate systems with greater understanding and control. In this concluding
chapter, we revisit the central research question and the three specific research
questions (Section 1.3) through the lens of the three pillars, synthesize cross-cutting
lessons, and outline concrete avenues for future work.

5.1.1. OVERARCHING RESEARCH QUESTION

How can targeted synthetic data generation systematically improve language model
robustness?

We advance a methodologically grounded answer to the central robustness question
by developing and validating a three-pillar methodology that integrates diagnostics,
intervention design, and governance. We find that robustness improves when
synthetic data are diagnosis-driven and value-aware. Pillar 1 provides structure-aware
diagnostics that distinguish stylistic replication from substantive reasoning and localize
high-confidence failure patterns. Pillar 2 focuses on the bridge between diagnoses
and intervention by creating targeted synthetic example corpora that reduce blind
spots while preserving overall accuracy, as well as compact synthetic proxy contexts.
Finally, Pillar 3 replaces confidence-only thresholds with ratio-scale utilities that optimize
accept-reject decisions for stakeholder value. Together, these mechanisms provide a
holistic approach to improving different facets of language model robustness.

5.1.2. REASONING AND STYLISTIC REPLICATION

RQ1. To what extent do common techniques for transferring reasoning capabilities,
such as knowledge distillation, rely on replicating superficial stylistic patterns rather
than conveying substantive logical processes?

Pillar 1 establishes what language model reasoning actually transfers in practice and
how to diagnose it. We show that much of the benefit from distilling on reasoning
traces comes from the target model adopting a particular stylistic structure, including
metacognitive pivot markers and consistent trace scaffolding, rather than by learning a
particular reasoning process. Style-consistent synthetic traces match emergent traces
across benchmarks, and even style-consistent traces that lead to incorrect answers yield
significant gains over base models. Controlled ablations isolate pivot markers, staging,
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and trace length as primary drivers of improvement; correctness still is beneficial, but the
supervision signal is dominated by style. These effects generalize across model families
and tasks, clarifying that apparent reasoning gains can arise from stylistic replication.

Beyond model post-training diagnostics, we analyze LLM-based agentic behavior and
reasoning in interactive settings where memory and interface act as external scaffolds.
Positive experience reflection with managed short- and long-term memory improves
reliability without any model parameter updates, underscoring the role of interface and
memory design for improving language model reasoning. Together, these findings
separate internal transfer (style versus substance) from external scaffolding (interfaces
and memory). The localized weaknesses they reveal feed directly into Pillar 2's targeted
synthesis.

We show that the transfer of reasoning capabilities is driven primarily by stylistic
regularities — such as distinct thinking stages of metacognitive behavior such as pivots,
and trace scaffolding — rather than factual correctness of the content. Models trained on
synthetic traces, which aim to approximate the distribution of emergent traces and thus
replicate these stylistic regularities, achieve accuracy comparable to those trained on the
emergent traces they try to emulate across math and logic benchmarks. Furthermore,
style-consistent traces that culminate in incorrect answers still lead to measurable
improvements over base models. Targeted ablations attribute the majority of gains to
pivots, staging, and trace length, with correctness still contributing but not dominating
the supervision signal; the pattern generalizes across model families and tasks.

Complementing these findings, agentic experiments show that positive experience
reflection with managed memory improves reliability without updating model parameters,
underscoring the importance of interface and memory as external scaffolds for reasoning.
Taken together, these results argue for structure-aware diagnostics and verification:
distinguish style from substance when interpreting gains, preserve helpful structure
when it supports generalization, and rely on verifier signals and calibration checks
where logical faithfulness matters most. Importantly, these effects do not imply that
logical content is unimportant, and gains can vary by task and dataset and depend on
teacher and data quality, so calibration and verification evaluations are necessary to
avoid overfitting to just stylistic cues.

5.1.3. TARGETED KNOWLEDGE INJECTION

RQ2. How effectively can an agent-driven approach that identifies blind spots
and generates targeted synthetic data mitigate specific failure modes compared to
untargeted augmentation, and can adaptation be achieved without target-corpus
access?

Pillar 2 develops targeted, agent-guided knowledge injection that is conditioned on
diagnosed weaknesses. An agent-in-the-loop (AIL) workflow uses abstraction and
extrapolation over discovered high-confidence errors to hypothesize failure patterns,
then generates minimal, pattern-consistent examples that improve model robustness in
a targeted manner. Across IMDB, MRPC, and QNLI with BERT-base and Llama 2 7B,
our AIL workflow reduces unknown unknowns substantially with overall accuracy
changes within only 1%, comparing favorably to reactive relabeling while preserving a
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similar level of calibration. The method is agent-agnostic, working with either human or
language model agents, and explains model behavior in out-of-distribution settings.

Complementarily, we perform zero-shot contextual adaptation of embeddings by
constructing a compact synthetic proxy corpus from only a handful of exemplar
documents, enabling context-aware retrieval and inference without accessing the
target corpus. On the MTEB retrieval benchmark, our approach achieves near-parity
with methods with full target-corpus access using < 5 separate exemplars, making
it particularly relevant for privacy- and resource-constrained settings. Finally, a
multimodal manga translation study shows how visual context disambiguates language
and strengthens performance if properly integrated, improving automatic translation
evaluation metrics and human evaluation scores. Together, these reactive (AlL) and
proactive (contextual adaptation, multimodal context) mechanisms demonstrate that
injecting targeted knowledge measurably improves performance across domains and
tasks, especially in out-of-distribution settings.

Pillar 2 demonstrates that targeted synthetic data is both effective and sample-efficient:
an agent-in-the-loop workflow abstracts patterns from high-confidence errors and
synthesizes minimal, targeted examples that locally adjust decision boundaries, reducing
unknown unknowns while holding overall accuracy constant and improving model
calibration. Under equal data budgets, this targeted approach outperforms reactive
relabeling and improves robustness to adversarial perturbations. Complementing
reactive mitigation, we show that effective zero-shot contextual adaptation by
constructing compact synthetic proxy corpora from a handful of exemplars is possible,
reaching near-parity with corpus-conditioned retrieval methods. A multimodal case
study in translation further shows that visual context disambiguates language and
mitigates context-dependent failure modes, with gains across automatic metrics and
human evaluation. Together these results address the research question and support a
practical recommendation: to prioritize diagnosis-conditioned synthesis over general
augmentation and employ synthetic data to increase available context and thus improve
adaptation.

5.1.4. VALUE-SENSITIVE HUMAN ALIGNMENT

RQ3. Can a quantitative measure of user-perceived value provide a more reliable
signal than model confidence for determining when to escalate decisions to humans in
value-laden contexts?

Pillar 3 operationalizes value-sensitive escalation to align system behavior with
stakeholder priorities to better align Al systems. We replace confidence-only thresholds
with ratio-scale utilities of user-perceived value elicited via Magnitude Estimation,
enabling accept-reject policies that maximize expected total value. Value-optimized
policies produce different operating points — and sometimes different model selections
— than accuracy- or confidence-based baselines, and improve total value on seen and
unseen data. We further show strong inter-rater reliability and convergent validity for the
elicited utilities, supporting stable threshold optimization and governance.

Practically, value-sensitive policies complement the model-centric pillars by deferring
borderline, high-cost cases while allowing confident, low-cost cases to flow through,
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reducing harm without unnecessary rejection. They also provide an auditable
mechanism for handover that makes trade-offs explicit and adjustable as contexts
change.

Pillar 3 demonstrates that eliciting ratio-scale utilities via magnitude estimation
enables accept-reject policies that optimize expected total value and outperform
confidence- or accuracy-based baselines on both seen and unseen data. Under a
value-based objective, optimal operating points shift—and in some cases the preferred
model changes — when harms are asymmetric, this provides a governance-aligned
basis for making trade-offs explicit and auditable. Empirically, the value signal exhibits
strong inter-rater reliability and convergent validity relative to a bounded rating scale,
supporting stable threshold optimization. Class-conditional policies defer borderline,
high-cost cases while preserving accuracy where appropriate. Because values are
context- and population-dependent, value models should be versioned, periodically
re-estimated, and reported alongside calibration metrics so that policy choices remain
transparent and accountable over time. Careful study design, normalization procedures,
and diverse stakeholder participation are needed to mitigate elicitation bias and avoid
entrenching unfair operating points.

5.2. BROADER IMPLICATIONS

This thesis advances a practical answer to the central robustness question by showing
that diagnosis-driven synthetic data improve reliability under shift, while value-sensitive
escalation effectively governs deployment under uncertainty and asymmetric harms.
Three pillars operationalize this answer: (i) structure-aware diagnostics that separate
stylistic replication from substantive reasoning, (ii) targeted knowledge injection via
agent-in-the-loop synthesis and synthetic context, and (iii) Magnitude Estimation
decision policies that optimize expected total value rather than confidence alone.

Across RQ1-RQ3, the evidence is consistent with this view. Pillar 1 shows that much
of the apparent transfer of reasoning arises from stylistic replication, and that interface
and memory design can improve reliability without updating model parameters. Pillar 2
demonstrates that agent-guided synthesis reduces unknown unknowns with minimal
impact on overall accuracy and calibration, while synthetic proxy corpora can approach
corpus-aware retrieval without accessing the target corpus, and, in a multimodal case
study, visual context strengthens performance when properly integrated. Pillar 3 shows
that Magnitude Estimation enables value-sensitive deferral that improves total value
over accuracy- or confidence-based baselines when harms are asymmetric.

These findings have broader implications for how language-model systems are
designed, evaluated, and governed. Below, we group key implications and relate them
to prior work, with short bridges to the future-work agenda in Section 5.3.

System design as control: diagnose — synthesize — defer. Robustness can be
operationalized as a control loop: structure-aware diagnostics under distribution shift [1,
2] and uncertainty [3] guide targeted data interventions, while calibrated scores [4,
5] and an explicit reject option [6, 7] or coverage-controlled decisions via conformal
prediction [8] set the operating point. The focus on high-confidence blind spots aligns
with broader work on unknown unknowns and human-in-the-loop discovery [9—11].
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Looking ahead, this motivates the monitored workflow and guarded rollout procedures in
Section 5.3.

Evaluation and auditing beyond accuracy. Impacts extend beyond average
accuracy: style-sensitivity audits and calibration checks should accompany behavioral
test suites and dynamic benchmarks [12—16]. Under shift [1] and uncertainty [3],
reporting should include calibration summaries and accept-reject value curves alongside
accuracy [4, 5, 17, 18]. Looking ahead, these diagnostics inform where to apply targeted
synthesis and how to set value-aware operating points in Section 5.3.

Governance, risk, and value transparency. Value-sensitive deferral clarifies
trade-offs in risk-bearing applications and complements broader analyses of LM
risks and socio-technical impacts [19, 20] and human-Al decision-making and trust
calibration [21, 22]. Eliciting ratio-scale utilities via magnitude estimation [23] and
optimizing thresholds using those utilities (Section 5.1.4) improves total value in our
experiments [24]. Looking ahead, versioned value models and auditable policy rollouts
(Section 5.3) make these choices transparent and accountable.

Unknown unknowns and blind spots. Our agent-in-the-loop synthesis connects to
a broader literature on discovering model blind spots and unknown unknowns [9-11,
25-27]. In practice, this favors diagnosis-conditioned, sample-efficient synthesis over
untargeted augmentation. Looking ahead, Section 5.3 details holdout-based validation,
generator audits, and drift monitors for synthetic proxy corpora.

Tool-augmented and agentic systems. When models reason and act with tools,
failures often occur at interfaces among models, memory, and tools. Recent work on
reasoning-action traces, tool use, and augmented language models [28—-31] motivates
logging structured traces and attributing faults across layers, which in turn guides
targeted synthesis and tool-grounded verifiers. Looking ahead, we outline fault-aware
diagnostics and value-of-information routing in Section 5.3.

Efficiency, privacy, and sustainability. Targeted examples can reduce retraining
by addressing localized failures; synthetic proxy corpora enable contextual adaptation
without direct access to sensitive corpora; and value-aware thresholds focus human
effort where it yields the most benefit. These choices support robustness under shift [1]
and uncertainty [3] while containing cost. Looking ahead, the control-loop integration in
Section 5.3 operationalizes these benefits.

Finally, there are limitations that researchers and practitioners alike should be
mindful of, and that follow directly from the results. Pillar 1 shows that measured
reasoning gains can be driven by stylistic cues; thus any trace-based improvement
should be paired with verifier-based faithfulness checks and a style-sensitivity audit
reported alongside accuracy and calibration. Pillar 2 is bounded by the fidelity of
failure hypotheses, generator quality, and exemplar representativeness; synthetic proxy
corpora help only insofar as their synthetic statistics approximate the target domain. The
same is true for additional multimodal context. These constraints argue for A/B holdouts,
generator audits, and drift monitors on proxy corpora. Pillar 3 depends on context-
and population-specific utilities and to ensure robustness and responsible use, value
models should be versioned, periodically re-elicited, and backtested, with thresholds
recalibrated when calibration drifts.
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5.3. FUTURE RESEARCH DIRECTIONS

Looking ahead, we outline future research directions that researchers may take to build
on this work.

Operational control loop integration. We place the emphasis on consolidating
our distinct pillars into a unified approach, threading Pillar 1’s diagnostics, Pillar 2’s
targeted knowledge injection, and Pillar 3’'s value-sensitive escalation together into a
monitored workflow that runs alongside training and deployment. Future work may use
structure-aware diagnostics from Pillar 1 to inform model selection, target areas for
training, and decide when and how to inject knowledge via Pillar 2, while incorporating
Pillar 3 by optimizing value-sensitive accept-reject policies and deferring borderline,
high-cost cases. This could be further supported by maintaining versioned models
and synthetic context with telemetry and defining guarded rollout procedures, such as:
staged deployments with A/B holdouts, pre-defined rollback triggers when behavior
deviates from expectation, and automatic diagnosis before attempting an intervention.
Closing this loop operationalizes the central thesis: diagnosis-conditioned synthetic
knowledge improves reliability, while value-sensitive escalation governs deployment
under distribution shift.

From Style Replication to Style-Invariant Reasoning in Distilled Models. Future
work should rigorously measure and, where appropriate, reduce style dependence
in distilled models. First, it should develop a standardized measurement suite that
isolates stylistic cues from reasoning content by constructing counter-styled traces that
preserve logical content while randomizing the metacognitive behaviors identified as
part of this thesis, and evaluate cross-style generalization and verifier-based faithfulness
under controlled perturbations (pivot insertion or removal, trace reordering, template
swaps). Second, future work may study mitigation strategies that encourage style
invariance, including SFT curricula that gradually remove stylistic hints and contrastive
alignment of logically equivalent but stylistically diverse traces. Finally, future work could
integrate Pillar 2 by synthesizing content-preserving, style-switching examples targeted
at diagnosed high-confidence failures and by stress-testing robustness under distribution
shift via a combination of style perturbations, adversarial edits, and out-of-distribution
inputs.

Modalities and settings expansion. Future work could extend the framework
beyond text while keeping the diagnose, synthesize, escalate loop stable. In diagnostics
(Pillar 1), explicitly disentangle modality-specific style from semantic content: for
vision-language, separate caption length/templates, punctuation, and composition cues
from visual semantics; for speech, distinguish prosody (pitch, speaking rate, pause
structure) and transcript formatting from lexical content; for code, separate docstring
and formatting conventions from program behavior. In mitigation (Pillar 2), target blind
spots via multimodal knowledge injection (e.g., visual disambiguation cues; synthetic
context for retrieval) and privacy-preserving proxies (synthetic images, captions, or
audio) when direct access to sensitive corpora is not possible or limited. Further, future
work may optimize value-aware operating points (Pillar 3), so the benefit of selective
deferral is visible and measurable. This expansion tests the generality of the style
versus substance distinction, broadens real-world coverage, and sharpens interfaces
and safeguards for heterogeneous pipelines.
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Tool-augmented and agentic settings. When models act via tools — such as
retrieval, calculators, code execution, or external APIs — failures often arise at the
interfaces among the model, memory, and tools. Future work could extend diagnostics
to attribute errors across layers by logging structured traces — including planned actions,
function-call schemas and arguments, tool latency and status, and post-tool reasoning
— and by categorizing faults such as retrieval misses, stale or poisoned context,
schema violations, timeouts, and misinterpretation of tool outputs. Mitigation can then
proceed via Pillar 2 by synthesizing counterfactual retrieval contexts and corrected tool
traces to address recurrent faults, injecting adversarial tool outcomes, and training with
tool-grounded verifiers. To maximize expected value, deployment can be governed with
Pillar 3 by budgeting tool invocations and applying value-of-information routing (where
invoking a tool or escalating to a human is done only when the expected value exceeds
its cost), escalating high-risk or injection-susceptible actions to human oversight.

5.4. CONCLUDING REMARK

Taken together, this thesis advances a grounded approach to robustness that clarifies
how to improve reliability in practice. We show that gains from distillation on
reasoning traces are largely driven by stylistic structure (e.g., staged organization
and pivot markers) and recommend pairing such methods with faithfulness checks
and style-sensitivity audits. We demonstrate that agent-guided, diagnosis-conditioned
synthesis reduces high-confidence blind spots while preserving accuracy and calibration,
and, separately, that a zero-shot contextual adaptation method can build compact
synthetic proxy corpora to provide context when target data are inaccessible. Finally, we
elicit ratio-scale utilities through Magnitude Estimation to support value-sensitive deferral,
improving total value over confidence-based baselines under asymmetric harms.

Practically, data and policy should stand alongside models: report style sensitivity,
calibration, and value curves; audit generators and proxy corpora; version and
re-estimate value models; and backtest decisions under drift. In doing so, the work turns
robustness into a cumulative, auditable practice—one that explains, adapts, and defers
when it should.
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Appendix for Chapter 2:
Reasoning Traces and
Analysis

This appendix complements Chapter 2 with expanded trace examples, analysis details,
and dataset statistics.

A.l. EMERGENT REASONING TRACE EXAMPLE

We include an illustrative reasoning trace (see figure A.1) that demonstrates the staged
structure and metacognitive pivots discussed in Chapter 2.

A.2. EMERGENT TRACE ANALYSIS

A.2.1. DETAILS OF CATEGORIZING THE REASONING TRACE CONTENTS

To analyze reasoning traces, we developed a systematic approach for identifying pivots
and reasoning stages using regular expression pattern matching. For each of the four
pivot categories (Realization, Verification, Exploration, and Integration), we created regex
patterns capturing lexical markers that signal metacognitive transitions. Similarly, we
defined patterns for the four reasoning stages (Problem Framing, Exploration, Verification,
and Synthesis) based on characteristic expressions and structural elements. While
we experimented with using an LM for this tagging task, we found it offered no clear
advantage over regex for these standardized traces.

This framework enabled automated extraction and quantification of reasoning elements
across all traces. Although regex matching is an approximation, it performed well given
the standardized nature of the traces. Patterns were refined iteratively after manual
inspection to ensure balanced detection across categories. Each trace was analyzed for
both pivot frequency and the presence of reasoning stages, allowing quantification of
metacognitive transitions and structural patterns.
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Reasoning Trace Example

Question: A juggler can juggle 16 balls. Half of the balls are golf balls, and half
of the golf balls are blue. How many blue golf balls are there?

Reasoning: Okay, let’'s see. The problem says a juggler can juggle 16 balls.
Half of them are golf balls, and half of the golf balls are blue. | need to find out
how many blue golf balls there are. Alright, let me break this down step by step.
First, the total number of balls is 16. Half of those are golf balls. So, half of 16
would be... 16 divided by 2, which is 8. So, there are 8 golf balls. Got that down.
Now, out of these 8 golf balls, half are blue. Hmm, so again, half of 8 would be
8 divided by 2. Let me calculate that. 8 divided by 2 is 4. So, does that mean
there are 4 blue golf balls? That seems right, but let me double-check to make
sure | didn’t skip any steps or misunderstand the question.

Wait, the problem says half of the balls are golf balls. So total balls: 16. Half are
golf balls: 8. Then half of the golf balls are blue. So half of 8 is indeed 4. So, 4
blue golf balls. Let me just visualize this. If there are 16 balls in total, and half
(so 8) are golf balls, and of those 8 golf balls, half are blue and half are another
color. So splitting 8 into two equal parts gives 4 and 4. So yes, 4 blue golf balls.
That makes sense.

Is there another way to approach this problem? Maybe by using fractions. Let’s
see. Total balls = 16. Half are golf balls: so 1/2 of 16. Then half of those are blue:
so 1/2 of 1/2, which is 1/4. So 1/4 of the total balls are blue golf balls. 1/4 of 16 is
4. Yep, same answer. So whether | do it step by step or use fractions, | still get 4.
That seems consistent.

Alternatively, if | were to write equations, let's denote total balls as T = 16. Number
of golf balls G = T / 2. Then number of blue golf balls B = G / 2. Substituting, B =
(16/2)/2=8/2=4. Same result. So all methods lead to 4.

| think that’s solid. Let me just check if | interpreted "half of the golf balls are blue’
correctly. The problem didn’'t mention anything about the other half, but since
half of the golf balls are blue, the other half could be any other color, but that's
irrelevant to the question. The question only asks for the number of blue golf
balls, so 4 is the answer.

Wait, just to be thorough, the problem doesn'’t have any trick wording, right? Like,
when it says half of the balls are golf balls, that’s straightforward. Then half of
those golf balls are blue. So no, no tricky parts. If it had said half of the blue balls
are golf balls, that would be different, but it's the other way around. Half of the
golf balls are blue. So straightforward.

Another check: total golf balls are 8. If 4 are blue, then 4 are another color. That
still keeps the total at 8 golf balls out of 16. Everything stays consistent. So the
final answer is 4 blue golf balls.

Figure A.1.: An example emergent reasoning trace illustrating staged structure and
metacognitive pivots.
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A.2.2. PIVOT ANALYSIS

Pivot Diversity A key indicator of complex reasoning is the variety of metacognitive
shifts employed. The analyzed traces show an average diversity of 3.51 distinct pivot
types per trace, and 96.1% of traces contain at least three different pivot categories.

Pivot Type Frequencies The frequency and prevalence of each pivot type are summar-
ized in Table A.1. Integration and Realization pivots are nearly universal; Exploration
pivots are least prevalent at 87.0% of traces.

A.2.3. REASONING STAGE ANALYSIS

We also quantify segments corresponding to the four cognitive reasoning stages dis-
cussed in section 2.2.3. A single reasoning stage can contain multiple pivots of different
types; we ascribe the trace to the stage found at the beginning of the segment. The
average occurrences and prevalence of these stages are shown in Table A.2. Synthesis
is universally present; Problem Framing, Verification, and Exploration are all highly
prevalent.

A.2.4. KEY INSIGHTS FROM ANALYSIS

The quantitative analysis reinforces the qualitative observations in Chapter 2: successful
emergent reasoning traces utilize diverse pivot types (avg. 3.51), and all four reasoning
stages are highly prevalent, underscoring the iterative, staged nature of effective traces.

Pivot Type Avg. Occurrences per Trace % Traces Present

Realization 18.96 98.6%
Exploration 16.11 87.0%
Verification 1.37 89.6%
Integration 67.64 100.0%

Table A.1.: Frequency and prevalence of identified pivot types within analyzed emergent
reasoning traces.

Reasoning Stage Avg. Occurrences per Trace % Traces Present

Problem Framing 3.13 79.2%
Exploration 6.81 87.0%
Verification 3.34 89.6%
Synthesis 84.08 100.0%

Table A.2.: Frequency and prevalence of identified reasoning stages within analyzed
emergent reasoning traces.
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A.3. DATASET STATISTICS

This section details the datasets used for Part I: the seed data pool and the generated
reasoning trace datasets SmolTraces (ST) and SmolTraces-HardCoded (ST-HC).

A.3.1. SEED DATA COMPILATION

We curated question-answer pairs from multiple domains to build seed data, selecting
problems from OlympicArena [1], AGIEval [2], LiveCodeBench v4 [3], NuminaMATH [4],
and OmniMath [5]. This yielded 31,586 unique QA pairs after decontaminating overlaps
with evaluation benchmarks (MATH500, AIME2024, GPQA Diamond).

A.3.2. GENERATED REASONING TRACE DATASETS

Using the seed data, we generated two parallel datasets with detailed reasoning traces
as described in section 2.2.3. ST contains emergent traces produced by R1 [6]. ST-HC
contains synthetic traces created with GPT-40 guided by the structured prompt described
in the text. Both used up to five zero-shot attempts per seed question, keeping the first
correct trace.

For a fair comparison, we balanced dataset sizes by downsampling the larger set to
match the smaller one, yielding two equal-sized datasets (N=18,242 each). Summary
statistics for the final datasets are provided in Table A.4.

A.4. SYNTHETIC TRACES WITH WRONG ANSWER

DETAILS

We construct ST-HC-W to isolate stylistic effects independent of final answer correctness
for the ablation in section 2.2.4. Starting from ST-HC, we use the known correct answer
and prompt a weaker LM (GPT-40-mini) to produce a different, incorrect answer with a
similar format (e.g., “9.11” instead of “9.9”). If the generated answer matches the correct
one, we resample. The resulting ST-HC-W mirrors the size of ST-HC (N=18,242) and
retains trace style while ending with an incorrect final answer.

Data Source Number of Samples
OlympicArena 4,250
AGIEval 2,385
LiveCodeBench v4 713
NuminaMATH (subset) 20,000
OmniMath 4,238
Total 31,586

Table A.3.: Composition of the seed data pool used for generating reasoning traces.
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Statistic Dataset Values

Trace Origin ST: Emergent (R1); ST-HC: Synthetic (GPT-40 + struc-
tured prompt)

Seed Questions Source Shared pool (Table A.3, N=31,586)

Final Number of Samples ST: 18,242; ST-HC: 18,242

Filtering Applied Correct answer (up to 5 attempts); min. trace length (50
tokens)

Avg. Trace Length (Tokens) ST:2,521; ST-HC: 2,101

Avg. Pivots per Trace ST: 93.4; ST-HC: 89.1

Table A.4.: Summary statistics for the final generated reasoning trace datasets used in
fine-tuning.

REFERENCES

(1]

(2]

(3]

(4]

(5]

Z. Huang, Z. Wang, S. Xia, X. Li, H. Zou, R. Xu, R.-Z. Fan, L. Ye, E. Chern,
Y. Ye, Y. Zhang, Y. Yang, T. Wu, B. Wang, S. Sun, Y. Xiao, Y. Li, F. Zhou, S.
Chern, Y. Qin, Y. Ma, J. Su, Y. Liu, Y. Zheng, S. Zhang, D. Lin, Y. Qiao and
P. Liu. OlympicArena: Benchmarking Multi-discipline Cognitive Reasoning for
Superintelligent Al. 18th June 2024. arXiv: 2406 . 12753 [cs.CL].url: https:
//arxiv.org/abs/2406.12753.

W. Zhong, R. Cui, Y. Guo, Y. Liang, S. Lu, Y. Wang, A. Saied, W. Chen and N.
Duan. AGIEval: A Human-Centric Benchmark for Evaluating Foundation Mod-
els. arXiv:2304.06364v2. 13th Apr. 2023. arXiv: 2304 . 06364 [cs.CL]. url:
https://arxiv.org/abs/2304.06364.

N. Jain, K. Han, A. Gu, W.-D. Li, F. Yan, T. Zhang, S. Wang, A. Solar-Lezama,
K. Sen and |. Stoica. LiveCodeBench: Holistic and Contamination Free Evalu-
ation of Large Language Models for Code. 6th June 2024. arXiv: 2403 .07974
[cs.SE].url: https://arxiv.org/abs/2403.07974.

J. Li, E. Beeching, L. Tunstall, B. Lipkin, R. Soletskyi, S. C. Huang, K. Rasul,
L. Yu, A. Jiang, Z. Shen, Z. Qin, B. Dong, L. Zhou, Y. Fleureau, G. Lample and
S. Polu. NuminaMath-CoT. Hugging Face dataset card describing the 860k-
problem NuminaMath CoT corpus. AI-MO / Numina. 15th July 2024. url: https:
//huggingface.co/datasets/AI-M0/NuminaMath-CoT (visited on
11/12/2025).

B. Gao, F. Song, Z. Yang, Z. Cai, Y. Miao, Q. Dong, L. Li, C. Ma, L. Chen, R. Xu,
Z. Tang, B. Wang, D. Zan, S. Quan, G. Zhang, L. Sha, Y. Zhang, X. Ren, T. Liu
and B. Chang. Omni-MATH: A Universal Olympiad Level Mathematic Benchmark
For Large Language Models. 10th Oct. 2024. arXiv: 2410.07985 [cs.CL].
url: https://arxiv.org/abs/2410.07985.


https://arxiv.org/abs/2406.12753
https://arxiv.org/abs/2406.12753
https://arxiv.org/abs/2406.12753
https://arxiv.org/abs/2304.06364
https://arxiv.org/abs/2304.06364
https://arxiv.org/abs/2403.07974
https://arxiv.org/abs/2403.07974
https://arxiv.org/abs/2403.07974
https://huggingface.co/datasets/AI-MO/NuminaMath-CoT
https://huggingface.co/datasets/AI-MO/NuminaMath-CoT
https://arxiv.org/abs/2410.07985
https://arxiv.org/abs/2410.07985

158 A. Appendix for Chapter 2: Reasoning Traces and Analysis

[6] DeepSeek-Al et al. DeepSeek-R1: Incentivizing Reasoning Capability in LLMs
via Reinforcement Learning. 22nd Jan. 2025. arXiv: 2501 . 12948 [cs.CL].
url: https://arxiv.org/abs/2501.12948.


https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2501.12948

Appendix for Chapter 2:
Sweet&Sour Formal
Background and Examples

B.1. FORMAL BACKGROUND FOR PART II: POMDP
FRAMING OF TEXT-BASED GAMES

We formalize interactive text environments such as ScienceWorld and ALFWorld as
partially observable Markov decision processes (POMDPs) [1] with tuple (S, T, A, Q, R, y).
Here, S denotes latent states, A the (textual) action space, T(s' | s, a) the transition
function, Q(o | s, a) the observation function, R(s, a) the reward function, and y € [0, 1]
a discount factor. At time t, the agent receives observation o; ~ Q(- | s;, a;_¢), selects
an action a; € A, and receives a reward update r; with next state s;,q ~ T(- | s, a;).
Both observations and actions are sequences of tokens. Episodes terminate on goal
satisfaction or a step cap (T = 150 in our experiments). In ScienceWorld, the agent
additionally maintains an inventory i, for manipulable objects.

This formalization is the basis for the action—observation—reflection loop in section 2.4.3,

where the policy conditions not only on the current observation but also on managed
memory.

B.2. QUALITATIVE EXAMPLES FOR SWEET&SOUR

We include compact transcripts illustrating the reflection loop and managed memory
effects. These examples show how positive reflections enter STM immediately and how
managed memory maintains succinct takeaways across episodes, stabilizing behavior
after early wins and mitigating tilt.
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ScienceWorld Task 8-1

Task Description:
Your task is to find a(n) animal. First, focus on the thing. Then, move it to the red
box in the kitchen.

> look around
This room is called the hallway. In it, you see:

* a substance called air
* a picture
 the agent
You also see:
+ A door to the greenhouse (open)
» A door to the living room (open)

+ A door to the art studio (open)

A door to the kitchen (open)
+ A door to the bedroom (open)
* A door to the workshop (open)

> open door to greenhouse

The door is already open.

> go to greenhouse

You move to the greenhouse.

> open door to outside

The door is already open.

> go to outside

You move to the outside.

> look around

This outside location is called the outside. Here, you see:

* a substance called air

* an axe

* a substance called wood

* the ground

+ afire pit (containing nothing)

+ a fountain (containing a substance called water)
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* a butterfly egg
* ablue jay egg
* adove egg
- the agent
You also see:
» A door to the kitchen (open)
» A door to the foundry (open)

» A door to the greenhouse (open)

Case #1: Failure

> focus on axe

You focus on the axe.

> pick up axe

You move the axe to the inventory.

Reflection (I failed because | assumed eggs are not animals. My plan was to go
outside to find animals. | tried to pick up an axe. An alternative course of action
would have been to go outside and pick up an egg, as it might be considered an
animal.)

— Managed Memory

Case #2: Success

> focus on dove egg

You focus on the dove egg.

> pick up dove egg

You move the dove egg to the inventory.

Reflection (Picking up an egg was the correct choice. Even though the animal
was in an egg, it is still considered an animal. My plan was to go outside and find
an animal in the wild. Items such as an axe, wood, or landscape elements are
not related to animals.)

— Managed Memory

Figure B.1.: Example of reflection in a find-animal task (ScienceWorld).
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ScienceWorld Task 1-1

Task Description:

Your task is to boil water. For compounds without a boiling point, combusting the
substance is also acceptable. First, focus on the substance. Then, take actions
that will cause it to change its state of matter.

> look around
This room is called the hallway. In it, you see:

 a picture

* a substance called air

* the agent

» A door to the green house (open)
» A door to the living room (open)

+ A door to the art studio (open)

A door to the kitchen (open)
» A door to the bedroom (open)
» A door to the workshop (open)

> open door to kitchen

The door is already open.

> go to kitchen

You move to the kitchen.

> look around

This room is called the kitchen. In it, you see:

* a substance called soap

* a painting

+ a thermometer reading 10°C

 a counter with various items (banana, potato, red apple, orange)
* a sink (off, empty)

- a table with a glass cup (empty)

* a chair (empty)

+ a freezer (closed)

* a lighter




B.2. Qualitative Examples for Sweet&Sour

163

« a stopwatch (deactivated)

« a fridge (closed)

* a cupboard (closed)

* a stove (turned off)

* a glass jar containing sodium chloride
- various other items (air, the agent, etc.)

> pick up thermometer

You move the thermometer to the inventory.

> open cupboard

The cupboard is now open.

> pick up metal pot

You move the metal pot to the inventory.

> move metal pot to sink

You move the metal pot to the sink.

> activate sink

The sink is now activated.

> deactivate sink

The sink is now deactivated.

> pick up metal pot

You move the metal pot to the inventory.

> focus on substance in metal pot

You focus on the water.

> move metal pot to stove

You move the metal pot to the stove.

> activate stove

The stove is now activated.

> use thermometer in inventory on substance in metal
pot

The thermometer measures a temperature of 13 degrees Celsius.
> examine substance in metal pot

A substance called water.

> use thermometer in inventory on substance in metal
pot

The thermometer measures a temperature of 28 degrees Celsius.
> examine substance in metal pot

A substance called water.

> use thermometer in inventory on substance in metal
pot

The thermometer measures a temperature of 58 degrees Celsius.
> examine substance in metal pot

A substance called water.
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> use thermometer in inventory on substance in metal
pot

The thermometer measures a temperature of 78 degrees Celsius.

> examine substance in metal pot

A substance called water.

> use thermometer in inventory on substance in metal
pot

The thermometer measures a temperature of 98 degrees Celsius.

> examine steam

A substance called steam. Task completed.

Figure B.2.: Successful sequence of events in a boil-water task (ScienceWorld).

B.3. ADDITIONAL NOTES: ALFWORLD

For completeness, we note that ALFWorld follows similar agent and evaluation settings
to ScienceWorld but features shorter horizons and simpler object-interaction graphs.
We report compact success rates in Table B.1; hyperparameters, memory budgets, and
reflection triggers mirror those used in ScienceWorld unless stated otherwise.

Method / Model Llama 8B Mistral Large2 GPT-40
ReAct 8.0 41.0 77.0
Reflexion 13.0 61.0 91.0
Sweet&Sour (ours) 20.0 78.0 97.0

Table B.1.: Performance on ALFWorld (success rates).

ALFWorld results table. Detailed success rates across models are shown in Table B.1.
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Appendix for Chapter 3 (Part I):
Agent-in-the-Loop (AIL)
Artifacts

C.1. SYNTHETIC BLIND SPOTS

We use the synthetic blind spot study akin to a sanity check for our approach. As such,
compared to the full natural blind spot study, we use a only a single task, a simpler
model architecture, and make other simplifications to our mitigation process. We select
an LSTM [1] as our model of choice due to the absence of pretraining and apply the
TF perturbation method on the SA task. The LSTM used is the standard version of the
Bi-LSTM provided by Morris et al. [2].

Original Retrain

Accuracy (%) Perturbation (%) UUs (#) Accuracy (%) Perturbation (%) UUs (#)

Clean 88.03 82.22 1725 88.03 82.21 784
Biased R 78.55 78.56 3785 78.61 78.58 2593
Biased P 75.10 75.02 4607 74.25 73.12 1201
Biased N 76.64 76.64 4394 77.38 77.35 845
Biased PN 74.17 73.94 9231 74.81 74.01 2331

Table C.1.: Results of synthetic blind spot study for accuracy, perturbation success rate,
and number of UUs before and after retraining for all LSTM model variants.
The used perturbation method is TF and the dataset is IMDB.

C.1.1. BLINDSPOT CREATION AND MITIGATION

To assess whether our method can tackle existing synthetic blind spots we perform a type
of Controlled Synthetic Data Check [3]. We create synthetic blind spots by systematically

165



166 C. Appendix for Chapter 3 (Part 1): Agent-in-the-Loop (AIL) Artifacts

excluding some data from training that have commonalities, namely containing a positive
or negative term according to lexica by Liu, Hu and Cheng [4]. Here, we randomly
subsample 600 of each as our selection of positive and negative terms, due to the
extensive nature of the lexica.

We create a false positive blind spot by removing samples from the train set using
our selection of negative terms, resulting in a negatively biased LSTM (N). Similarly, we
create a false negative blind spot, resulting in a positively biased LSTM (P), as well as a
blind spot resulting from a selection of 50% randomly chosen terms from each, leading
to a positive/negative biased LSTM (PN). For comparison, we also include a randomly
biased LSTM (R), where samples were removed from the train set randomly to obtain a
size comparable to the P, N, and PN ones.’

After creating the synthetic blind spots through biasing, the authors perform the gener-
alization procedure and provide handcrafted hypotheses that precisely describe these,
similar to golden labels. To generate the new samples from our handcrafted hypotheses,
we prompt ChatGPT to generate movie review-related sentences (to fit the chosen task)
that follow a given hypothesis. This was done in an attempt to simplify the procedure
by taking advantage of human strengths, generalization and extrapolative thinking, and
LLM strengths, low-cost text generation, simultaneously.

C.1.2. SYNTHETIC BLIND SPOT STUDY RESULTS

The mitigation results of this human-LLM approach for our Controlled Synthetic Data
Check can be seen in table C.1. As can be seen in the first column of table C.1, before
retraining, the overall test accuracy declines in line with the degree to which the train
set is biased. Interestingly, the percentage of successful perturbations by TF, i.e., the
percentage of successful label flips, closely follows the overall accuracy. This mirrors
the findings of Tsipras et al. [5], that there is a strong relationship between high accuracy
and brittleness — or a lack of robustness. The number of occurring UUs as a result
of the perturbation does not follow this trend, instead increasing as the training data
becomes more biased, as expected. This poses an interesting optimization problem
since the model becomes most robust in general terms, i.e., the successful perturbation
percentage falls, but simultaneously there is a significant uptick in blind spots as the
training sets become more biased.

The effect of retraining on the overall accuracy and perturbation success rate is minimal,
with accuracy changing by no more than * 1% and perturbation success rate changing
no more than * 2%. However, the number of found UUs decreases drastically due
to the retraining, with reductions of 73.93%, 80.77%, and 74.75% for the biased P, N,
and PN models, respectively. The clean and randomly biased models also show a
reduction, though less significant at 54.55% and 31.49%, respectively. These results
confirm that our method can be used to target synthetic blind spots found in biased
models through the use of hypotheses and generated instances, without significantly
affecting the performance or general robustness of the model.

'Size of training sets: N¢jeqn = 25,000, Ng = 2,500, Np = 2,439, Ny = 3,138, and Npy = 2,438,
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C.2. USER STUDY FOR HUMAN COMPUTATION

We use Prolific as a crowdsourcing platform for all our participants. Below, we present the
structure followed by all survey participants for the generalization user study, consisting of
an initial disclaimer, an instruction set, examples, and finally the questions. Here, we use
the abstraction and extrapolation assignments on the IMDB dataset as an example. The
workflow is very similar between the different generalization assignments and datasets
(MRPC, IMDB, or QNLI), with only slight differences in the wording between the surveys
to fit the task and dataset used, as they all present the crowd worker with some input
and result in plain text output. For the generation assignment, crowdworkers are asked
to perform the same steps, with relevant examples related to the structure of the dataset
being shown, before finally contributing usable samples based on shown hypotheses.

C.2.1. ABSTRACTION ON IMDB

Abstraction on IMDB

Disclaimer Crowdworkers were shown an initial disclaimer to inform them that
our governing ethics body sanctions this survey and to remind them not to share
personal information:

* “Welcome to the Hypothesis Extrapolation Survey! Please carefully read
the following: You are invited to participate in our research study. This
study is fully sanctioned by our governing ethics body, as is the handling
and storing of the resulting data. This research study aims to use your
creativity and generalization ability to come up with new abstractions. It
will take you approximately 25 minutes to complete. As with any online
activity, the risk of a breach is always possible. To the best of our ability,
your answers in this study will remain confidential. We will minimize any
risks by making this survey completely anonymous. Therefore, please do
not provide any personal information anywhere. The anonymous results
might be shared publicly in the future. Participation in this study is entirely
voluntary, and you can withdraw anytime. Feel free to contact us with any
questions or feedback you might have.”

Instructions Crowdworkers were then introduced to the specific task (SE, SA,
or NLI) as follows:

 “Please read the following examples carefully. All tasks in this survey are
related to a single task, sentiment analysis, which tests the sentiment of a
sentence is either positive or negative, applied to movie reviews. The goal
here is to use your creativity and ability to generalize to spot patterns and
come up with new possible samples. A fully worked-out example can be
found below, with user-generated text, similar to what you are expected to
write, in jtalic and instructions bold. You will receive all relevant instructions
again when for each question.”

Examples Then, they were presented with two examples that match the dataset
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used, as well as the task (abstraction, expansion, or generation), before being
asked if they understood the examples:

* “There is a sentence pair below, with one original sample (O) and
a perturbed one (P), which is similar but had some things changed
(shown in double square brackets). These changes may relate to a
pattern, related to semantics, syntax, specific words, or something
else in the samples, that leads to the wrong True or False label being
predicted for semantic similarity.

« Example 1 — The two samples are:

O: There was an overarching [[story]] that was [[refusing]] to reveal itself to
me. P: There was an overarching [[narrative]] that was [[unable]] to reveal
itself to me.

Formulate a hypothesis on what this pattern for O and P might be and
enter it below. Try to be specific when formulating a hypothesis.

The pattern that caused the wrong prediction may be related to the substi-

tution of the word "’story” with its synonym

9933 93, 9

‘narrative™.

* Example 2 — The two samples are:

O: Overall, | [[loved]] the cinematography of this through and [[through]]. P:
Overall, | [[looved]] the cinematography of this through and [[thrOugh]].

Formulate a hypothesis on what this pattern for O and P might be and
enter it below. Try to be specific when formulating a hypothesis.

Several words have been misspelled in the samples, all related to the letter

0™, Either more letters are added ”00”” or the letter is substituted with a
number 0" that looks similar, making it easy to misread.”

Main Questions Finally, the actual questions preceding the text entry field used
for data collection all have the same structure with the unique O and P sentences
substituted in for each question:
* “The two samples are:
O: {original sentence} P: {perturbed sentence}

Formulate a hypothesis on what this pattern might be and enter it
below. Try to be specific when formulating a hypothesis.”

Figure C.1.: Survey instructions, examples, and question format for the IMDB abstraction
task.
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C.3. Usep LLM PROMPTS

We specifically instruct the LLM to split its hypothesis from its reasoning because, in our
experience, this leads to a clearer and more useful answer for further steps.

C.3.1. ABSTRACTION PROMPT

Abstraction Prompt

There is a sentence pair below, with one original sample (O) and a perturbed one
(P), which is similar but had some things changed. These changes may relate
to a pattern, related to semantics, syntax, specific words, or something else in
the samples, that leads to them being the reason the sample is misclassified
by a classification algorithm. This misclassification is made at a high level of
confidence.

The model is not trained on the two samples. The two samples relate to {task}
and are:

O: {sentence[0]}

P: {sentence[1]}

Formulate a hypothesis on what this pattern might be. Try to be specific when
formulating a hypothesis. Your response should always follow the format:
Hypothesis: {hypothesis}

Reasoning: {reasoning}

Figure C.2.: Prompt used for the abstraction step in AIL blind-spot mitigation.

C.3.2. EXTRAPOLATION PROMPT

Extrapolation Prompt

There is a sentence pair, with one original sample (O) and a perturbed one (P),
which is similar but had some things changed. These changes may relate to
a pattern, related to semantics, syntax, specific words, or something else, that
leads to them being the reason the sample is misclassified by a classification
algorithm. This misclassification is made at a high level of confidence.

The model is not trained on the two samples. The two samples relate to {task}
There is an existing hypothesis regarding the samples, that may capture a pattern
related to semantics, syntax, specific words, or something else in the sample
pair. This pattern leads to a misclassification of the sample.

The hypothesis is: {hypothesis}

Formulate a new hypothesis regarding those sentence samples that is concerned
with the same topic but is applied to a different possible pattern that could also
lead to a misclassification. Try to be specific when formulating a new hypothesis.
Your response should always follow the format:
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Hypothesis: {hypothesis}
Reasoning: {reasoning}

Figure C.3.: Prompt used for the extrapolation step in AlL blind-spot mitigation.

C.3.3. GENERATION PROMPT

Generation Prompt

There is a sentence pair, with one original sample (O) and a perturbed one (P),
which is similar but had some things changed. These changes may be related
to a pattern related to semantics, syntax, specific words, or something else that
leads to them being the reason the sample is misclassified by a classification
algorithm. This misclassification is made at a high level of confidence.

The model is not trained on the two samples.

A hypothesis has been formulated regarding the samples, that may capture a
pattern related to semantics, syntax, specific words, or something else in the
sample pair. These samples led to a classification algorithm misclassifying them
at a high level of confidence.

Given the samples and a previously generalized hypothesis, generate one new
sample made up of one or more sentences that relate to {task} and could have a
similar effect on the classification algorithm.

The new sample should be varied and detailed. Follow the logic laid out in the
given hypothesis and follow the format of the sample pair (O and P) exactly. Also
include whether the new sample should be given a (positive) or (negative) label
for the task: {task}.

The hypothesis is: {hypothesis}

Your response should always follow the format:

Sample: {sample}

Label: {label}

Reasoning: {reasoning}

Figure C.4.: Prompt used for the generation step in AIL blind-spot mitigation.

C.4. PERTURBATION STATISTICS AND VISUALIZATION

To add additional context to the perturbation performed, we supply the detailed attack
statistics across all performed perturbations. Specifically, we report Original Accuracy
and Accuracy Under Attack are reported, which are the classifier accuracy on its own
and while under attack. Further, Aftack Success Rate is shown, which is the percentage
of successful perturbation attempts to failed ones. Finally, we report the number of
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MRPC, MRPC_ MRPC, MRPC; IMDB, IMDB_ IMDB, IMDB; QNLl, QNLI_ QNLI; QNLI;
Original Accuracy (%) 82.38 81.57 81.58 82.49 9484 9540 9443 9394 89.88 89.31 8942 88.24
Accuracy Under Attack (%) 9.80 17.40 12.99 10.42 10.18 1044 19.21 10.22 8.91 11.67 1489 997
Attack Success Rate (%) 71.83 64.87 68.29 69.65 88.46 93.18 63.85 85.34 87.35 86.80 78.84 84.92
Perturbed Words (%) 7.70 9.9 8.51 7.98 4.59 7.62 9.02 5.50 6.12 8.80 9.57 7.33
Words per Input 39.3 39.3 39.3 39.3 230.0 230.0 230.0 230.0 37.9 37.9 379 379
Avg. Number of Queries 51.40 68.62 55.17 57.86 185.24 184.94 198.31 186.37 49.38 51.27 56.11 53.27

Table C.2.: Perturbation statistics across datasets and models for attacks with TF us-
ing BERT. Subscripts O, L, H, R denote the original, LM-retrained, human-
retrained, and relabeled models, respectively.

MRPC, MRPC, MRPC, MRPC; IMDB, IMDB,_ IMDB, IMDB; QNLI, QNL QNLI, QNLIg
Original Accuracy (%) 8238 8223 8210 8255 9540 9541 9574 9426 89.88 89.38 89.38 88.98
Accuracy Under Attack (%)  7.78 1373 1194 1042 954 2143 1532 1251 821 990 7.30 867
Attack Success Rate (%) 7200 70.38 7264 7235 5941 5059 79.70 56.87 77.54 79.74 8208 79.27
Perturbed Words (%) 847 918 903 891 643 811 1309 937 799 832 11.03 831
Words per Input 393 393 393 393 2300 2300 2300 2300 379 379 379 379
Avg. Number of Queries ~ 56.92  64.37 5861 5823 199.32 211.65 201.44 20412 34.91 3353 49.09 35.75

Table C.3.: Perturbation statistics across datasets and models for attacks with DWB
using BERT. Subscripts O, L, H, R denote the original, LM-retrained, human-
retrained, and relabeled models, respectively.

MRPC, MRPC_ MRPC, MRPC; IMDB, IMDB, IMDB, IMDB; QNLI, QNLI QNLI, QNLIg
Original Accuracy (%) 90.84 89.86 9020 90.61 9520 94.96 9467 9486 90.08 89.58 89.16 89.90
Accuracy Under Attack (%) 13.85  18.31 1243 1409 2097 1822 1509 17.55 1264 1529 1453 13.67
Aftack Success Rate (%) ~ 68.70 6524 69.54 66.89 71.32 7564 7831 7055 8342 7912 7587 81.34
Perturbed Words (%) 923 812 968 897 645 754 1088 836 7.34 869 911 7.92
Words per Input 393 393 393 393 2300 2300 2300 2300 379 379 379 379
Avg. Number of Queries ~ 53.92 6234 57.92 5576 191.34 19285 198.21 194.43 4822 4998 52.89 50.76

Table C.4.: Perturbation statistics across datasets and
Llama 2. Subscripts O, L, H, R denote the original, LM-retrained, human-
retrained, and relabeled models, respectively.

models for attacks with TF using

MRPC, MRPC_ MRPC, MRPC; IMDB, IMDB, IMDB, IMDB; QNLI, QNL QNLI, QNLIg
Original Accuracy (%) 9066 8973 89.91 9073 9533 9513 9490 9510 9072 90.10 89.73 90.60
Accuracy Under Attack (%)  16.35 1479  13.87 1568 21.78 2032 1942 2219 1178 1095 1428 1244
Attack Success Rate (%) ~ 66.40 6389 67.56 6578 7042 6855 7132 7465 7978 77.24 8243 80.34
Perturbed Words (%) 911 876 902 88 748 692 1154 929 806 911 1024 876
Words per Input 393 393 393 393 2300 2300 2300 2300 379 379 379 379
Avg. Number of Queries ~ 60.22 6514 6203 6176 203.56 199.42 204.29 208.23 4529 4387 50.77 47.83

Table C.5.: Perturbation statistics across datasets and models for attacks with DWB
using Llama 2. Subscripts O, L, H, R denote the original, LM-retrained,
human-retrained, and relabeled models, respectively.

Perturbed Words, the percentage of words that are perturbed, the Words per Input, the
average number of words per input, and the Average Number of Queries, which is how
many tries it took the perturbation method to find the best attack. For BERT, the attack
statistics for TF attacks are shown in table C.2 while the ones for DWB attacks are shown
in table C.3. For Llama 2 7B, the attack statistics for TF attacks are shown in table C.4
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and for DWB in table C.5.

To visualize the effect of the retraining across the perturbed samples, we show the
confidence at which predictions are made in figures C.5 to C.10. We observe a reduction
in high confidence misclassifications; specifically, predictions with confidence greater
than 90% are reduced as a result of our method. Additionally, we observe similar results
across perturbation methods, indicating that the performance of our approach is not
dependent on the type of perturbation method employed.
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Figure C.5.: Plots of successful perturbations for MRPC when using TF, showing the
distribution of the number of instances across confidence bins.
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Figure C.6.: Plots of successful perturbations for IMDB when using TF, showing the
distribution of the number of instances across confidence bins.
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Figure C.7.: Plots of successful perturbations for QNLI when using TF, showing the
distribution of the number of instances across confidence bins.
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Figure C.8.: Plots of successful perturbations for MRPC when using DWB, showing the
distribution of the number of instances across confidence bins.
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Figure C.9.: Plots of successful perturbations for IMDB when using DWB, showing the
distribution of the number of instances across confidence bins.
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Figure C.10.: Plots of successful perturbations for QNLI when using DWB, showing the
distribution of the number of instances across confidence bins.
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Appendix for Chapter 3 (Part
I): ZEST Artifacts

D.1. PROMPTING STRATEGIES FOR SYNTHETIC CORPUS

GENERATION

This section details the prompting strategies we employ to generate the synthetic context
corpus QZsynth. The process, as described in Section 3.4.3, is hierarchical, involving
two main steps: (1) Domain Anchor Generation and (2) Synthetic Corpus Expansion.
We used the default APl sampling parameters (e.g., temperature) for all generations to
ensure reproducibility. The k = 5 exemplar documents Z,, are assumed to be provided
as part of the input to the LLM for the first step.

Step 1: Domain Anchor Generation The objective of this step is to generate A
diverse domain anchor documents from the exemplar set J,, to create D,,cnors- These
anchors serve as thematic seeds. They are generated sequentially to encourage diversity
and avoid thematic repetition. For each anchor a;, the LLM is instructed to produce a
concise document that captures a distinct topical or stylistic facet present in the provided
exemplars, while also being mindful of previously generated anchors in the sequence (if
applicable). The generalized prompt structure for generating a single domain anchor q;
is shown in Figure D.1.

Step 2: Synthetic Corpus Expansion Once the domain anchors are generated, the
synthetic corpus Dy, (Of size J’) is created by expanding upon these anchors. For
each anchor document a; € D,,chors» the LLM is prompted to generate (J' /A) of synthetic
documents (we assign one extra document per anchor until the remainder is exhausted).
This step is performed in parallel for each anchor. The goal is for the LLM to elaborate
on and diversify the theme encapsulated by the specific anchor q;, producing a set of
full-length, representative documents. The generalized prompt structure for expanding a
single domain anchor is shown in Figure D.2.
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D.2. DETAILS ON EXEMPLAR SET SAMPLING

To enable zero-shot contextual adaptation in ZEST, we rely on a small exemplar set
Dy, = {d1,, ..., dR } to guide the generation of the synthetic context corpus Dsyntn- As
described in Section 3.4.4, these exemplars are sourced from the BEIR benchmark.
This section details the process of selecting Z,,, the mapping of BEIR tasks to unique
domain keywords, and the measures taken to ensure no information leakage between
D and the MTEB evaluation datasets.

Mapping BEIR Tasks to Domain Keywords. To systematically select exemplars
that typify the domain of an MTEB target task, we first assign each of the 18 BEIR tasks
a unique keyword that encapsulates its primary domain or task characteristic. These
keywords serve as an intermediary representation, allowing us to later align MTEB tasks
with the most relevant BEIR-derived exemplars based on domain similarity. Table D.1
presents this mapping, with each keyword chosen to be distinct and representative of
the task’s content.

The keyword assignment prioritizes the dominant domain or retrieval objective of each
BEIR task. For instance, biomedical tasks like BioASQ and TREC-COVID are assigned
keywords like “BiomedQA” and “COVIDResearch,” respectively, to distinguish their focus
within the broader biomedical domain. Similarly, tasks like Quora and CQADupStack,
both involving question answering, are differentiated by keywords “DuplicateQA” and
“ForumQA,” reflecting their specific contexts (duplicate question detection versus forum-
based Q&A). This approach ensures that the keywords are sufficiently granular to avoid
overlap while remaining general enough to facilitate alignment with MTEB tasks. For
MTEB tasks, we select the BEIR task whose keyword best matches the MTEB task’s
domain or retrieval goal, determined by manual inspection of task descriptions and data
characteristics. If an MTEB task corresponds to a BEIR task (e.g., ArguAna), we select
the next closest task to avoid direct overlap, as noted in Section 3.4.4.

Practical Considerations. The use of BEIR tasks as a source for Z, leverages their
diversity and public availability, making the approach reproducible and scalable. The
keyword-based mapping simplifies the alignment of MTEB tasks to appropriate exemplars
while avoiding direct task-to-task dependencies, which could risk evaluation bias. By
sampling only a small number of documents, we simulate a realistic scenario where
practitioners provide minimal domain examples, aligning with ZEST’s goal of minimal
input requirements. The ablation studies in Section 3.4.5 confirm that our approach
provides sufficient diversity for effective synthetic context generation, supporting the
robustness of this sampling strategy.
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D.3. TASK-SPECIFIC PREFIXES

We use standard prefixes, hand-written for each MTEB evaluation dataset, across all
our evaluations. The prefix selection procedure follows the methodology outlined in [1].
The specific prefix categories are:

* Search query

* Search document
* Classification
+ Clustering

Using these prefixes helps the model identify the task at hand and ensures consistency
in how the model receives data for both real-context and synthetic-context scenarios.
The specific prefixes used are given in Table D.1.

D.4. EXAMPLES OF GENERATED SYNTHETIC DOCUMENTS:
FULL PIPELINE

This section provides examples illustrating the full pipeline used by ZEST to generate
synthetic documents for the Z, i, corpus. These examples demonstrate how an initial
exemplar document (Z,,) from a specific domain guides the generation of a domain
anchor, which in turn seeds the creation of a final synthetic document. This hierarchical
process, as described in Section 3.4.3, is based on k exemplar documents (for clarity,
we show the pipeline for k = 1 exemplar in each domain example below, referenced as
examples in Figure D.3 through Figure D.8).

Example 1: Biomedical Domain An exemplar document focusing on genetic recod-
ing in Archaea (see Figure D.3) was provided to ground the generation process in the
biomedical domain. This initial document serves as the primary input for the LLM to
understand the target domain’s characteristics.

Based on the provided biomedical exemplar, the LLM generated a domain anchor
(see Figure D.4). This anchor encapsulates a core theme derived from the exemplar —
in this case, programmed ribosomal frameshifting in Archaea — and serves as a more
focused seed for subsequent document generation.

Expanding upon the biomedical domain anchor, the LLM then produced a full synthetic
document (see Figure D.5). This final document elaborates on the mechanisms and
implications of frameshifting, demonstrating how the anchor guides the creation of a
more detailed and contextually relevant piece of text for the synthetic corpus.

Example 2: Financial Domain For the financial domain, an exemplar document
discussing interest rates and loan types (see Figure D.6) was used, which leads to a
corresponding domain anchor (see Figure D.7), and, finally, a synthetic document (see
Figure D.8). This document also explores lender strategies and borrower behavior in
response to varying interest rate environments.
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BEIR Task

Unique Keyword

MS MARCO
TREC-COVID
NFCorpus
BioASQ
HotpotQA
FiQA-2018
Signal-1M (RT)
TREC-NEWS
Robust04
ArguAna
Touché-2020
CQADupStack
Quora
DBPedia-Entity
SCIDOCS
SciFact
Climate-FEVER
FEVER

WebSearch
COVIDResearch
Nutrition
BiomedQA
MultiHopQA
FinanceQA
SocialMedia
NewsSearch
NewsArchive
Argumentation
Debate
ForumQA
DuplicateQA
EntityRetrieval
Citation
SciFactCheck
ClimateClaims
FactCheck

Table D.1.: Mapping of BEIR tasks to unique domain keywords. Each keyword encap-
sulates the primary domain or task characteristic, enabling alignment with
MTEB tasks based on domain similarity.
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Prompt for Domain Anchor Generation

Systematically examine the {k} exemplar documents provided below to extract and
synthesize their core themes, stylistic patterns, and domain-specific terminology.
Leverage this analysis to craft a new domain anchor document that encapsulates
these elements.

Here are the exemplar documents:

Exemplar 1: {exemplar_document_1_text}
Exemplar 2: {exemplar_document_2_text}
Exemplar k: {exemplar_document_k_text}

Previously generated anchor documents (if any):
- {anchor_1}

- {anchor_2}

- {anchor_i-1}

Your task is to generate a new, concise domain anchor document. This document
should:

1. Be approximately as long as the exemplar documents.

2. Capture a distinct and specific topical theme, concept, or stylistic characteristic
evident in the exemplar documents.

3. Cover key terminology, entities, and typical writing style of the domain as
represented by the exemplars.

4. If previous anchors were mentioned, ensure this new anchor explores a
DIFFERENT facet or theme than those already covered to maximize diversity.
5. The anchor should be a coherent piece of text, similar to the exemplar
documents, not just a list of keywords.

Generate only the domain anchor document itself.

Figure D.1.: Prompt for Domain Anchor Generation

Prompt for Synthetic Corpus Expansion

You are tasked with generating a document that is representative of a specific
domain and theme.

You are given the following domain anchor document to build on, which encapsu-
lates a key theme or stylistic element of the target domain:

Domain Anchor:

{domain_anchor_document_text}

Your task is to generate another full synthetic document that elaborates on,
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exemplifies, and diversifies the core theme and style presented in the domain
anchor. This new document should:

1. Be topically coherent with the provided domain anchor.

2. Be a complete, well-structured document (e.g., an article, a report excerpt, a
descriptive passage) of similar length.

3. Should explore various sub-topics, perspectives, or aspects related to the
main theme of the anchor, ensuring diversity among them.

4. Maintain a style (e.g., tone, vocabulary, sentence structure) consistent with
the domain anchor and typical of the implied domain.

5. Be factually plausible and internally consistent, even if entirely synthetic.

Respond only with your generated document. Ensure the document is clearly
separated by placing —DOCUMENT END—" at the end of the document you
generate.

Figure D.2.: Prompt for Synthetic Corpus Expansion

Biomedical Exemplar Document

The standard rules of genetic translational decoding are altered in specific genes
by different events that are globally termed recoding. In Archaea recoding has
been unequivocally determined so far only for termination codon readthrough
events. We study here the mechanism of expression of a gene encoding for a
a-I-fucosidase from the archaeon Sulfolobus solfataricus (fucA1), which is split
in two open reading frames separated by a -1 frameshifting. The expression in
Escherichia coli of the wild-type split gene led to the production by frameshifting
of full-length polypeptides with an efficiency of 5%. Mutations in the regulatory
site where the shift takes place demonstrate that the expression in vivo occurs
in a programmed way. Further, we identify a full-length product of fucA1 in
S.solfataricus extracts, which translate this gene in vitro by following programmed
-1 frameshifting. This is the first experimental demonstration that this kind of
recoding is present in Archaea.

Figure D.3.: Example of an input exemplar document (2., ) for the biomedical domain,
detailing genetic recoding in Archaea. This document serves as the initial
seed for the LLM.
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Biomedical Domain Anchor

Programmed ribosomal frameshifting represents a crucial gene expression reg-
ulation mechanism in Archaea, enabling the synthesis of alternative protein
products from a single mRNA. This recoding event, often involving a -1 shift,
allows organisms like *Sulfolobus solfataricus™ to expand their proteomic diversity
and adapt to specific environmental conditions. Understanding the cis-acting
RNA elements and trans-acting factors that govern frameshift efficiency in these
extremophiles is key to deciphering their unique biology and potential biotechno-
logical applications in areas such as novel enzyme discovery or controlled protein
synthesis. The study of such mechanisms also sheds light on the evolutionary
plasticity of the genetic code.

Figure D.4.: Domain anchor generated from the biomedical exemplar (see Figure D.3).
It focuses on the theme of programmed ribosomal frameshifting in Archaea.

Biomedical Synthetic Document

The efficiency of programmed -1 ribosomal frameshifting in archaeal organisms,
such as the crenarchaeon *Sulfolobus solfataricus®, is intricately regulated by
specific MRNA sequences and structural motifs located proximal to the frameshift
site. These regulatory elements typically include a ’slippery sequence’ (often a
heptanucleotide like A AAA AAC) where the ribosome can lose its grip on the
mRNA, and a downstream RNA secondary structure, commonly a pseudoknot or
a stable hairpin. This structure is thought to induce ribosomal pausing, providing
a kinetic window for the realignment of the tRNA in the P-site to the -1 frame. The
interplay between the ribosome’s own components, the mRNA transcript, various
translation factors, and the nascent peptide chain within the exit tunnel collectively
influences the probability and fidelity of a successful frameshift event. Current
research endeavors focus on genome-wide mapping of these frameshift-prone
sites in diverse Archaea, aiming to uncover novel regulatory networks and identify
potential targets for antimicrobial agents or innovative tools for synthetic biology,
such as precisely controlling the stoichiometric production of multiple proteins
from a single engineered transcript.

Figure D.5.: Final synthetic document (Z,,.s,) for the biomedical domain, expanded
from the domain anchor (see Figure D.4), discussing the regulation and
implications of ribosomal frameshifting.



184 D. Appendix for Chapter 3 (Part I): ZEST Artifacts

Financial Exemplar Document

A lot of loans are taken out on a fixed rate basis, so the rate is part of the contract
and is therefore covered by contract law. If the loan is taken out on a variable basis
then in principle the rate can rise within the terms of the contract. If a particular
lender tries to raise its rates out of line with the market then its customers will
seek alternative, cheaper, loans and pay off their expensive loan if they can. If
rates rise sharply in general due to unusual politico-economic circumstances
then those with variable rate loans can find themselves in severe trouble. For
example the base rate in the UK (and therefore variable mortgage rates closely
tied to it) spiked sharply in the late 80s which caused severe stress to a lot of
borrowers and undoubtedly pushed some into financial difficulties.

Figure D.6.: Example of an input exemplar document (Z,,) for the financial domain,
discussing factors influencing interest rates and loan types.

Financial Domain Anchor

The interplay between fixed and variable interest rates significantly impacts bor-
rower stability and broader market dynamics. Fixed-rate loans offer predictability
and insulate borrowers from sudden, adverse rate hikes, thereby fostering finan-
cial planning certainty. Conversely, variable-rate loans, while potentially offering
lower initial rates, expose borrowers to market fluctuations, which can lead to
payment shocks and financial distress during periods of rising interest rates.
Central bank monetary policies, inflation expectations, and overall macroeco-
nomic health are primary drivers influencing these rates, creating a complex and
evolving landscape for both lenders managing risk and borrowers making critical
financial decisions.

Figure D.7.: Domain anchor generated from the financial exemplar (see Figure D.6). It
centers on the impact of fixed versus variable interest rates and market
conditions.

Financial Synthetic Document

Financial institutions meticulously navigate the complexities of fluctuating interest
rate environments by strategically managing their portfolios of fixed and variable
rate loan products. This often involves sophisticated hedging strategies using
interest rate swaps or other derivatives to mitigate the risk associated with rate
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volatility. For consumers and businesses, a thorough understanding of their
loan agreements’ terms — particularly clauses related to rate adjustments — is
paramount. During periods when monetary policy tightens and rate increases
are anticipated, there’s typically a discernible surge in demand for refinancing
variable-rate debt (like adjustable-rate mortgages or ARMs) into fixed-rate altern-
atives, although eligibility for such refinancing heavily depends on the borrower’s
creditworthiness and prevailing market conditions. Conversely, when central
banks signal an easing cycle and rates are expected to decline, variable-rate
loans might appear more attractive due to potentially lower initial payments.
However, these carry the inherent risk of future increases should economic con-
ditions shift unexpectedly. Lenders also adjust their credit scoring models and
underwriting standards in response to the perceived risk in the interest rate cycle.

Figure D.8.: Final synthetic document (Z,,.,) for the financial domain, expanded from
the domain anchor (see Figure D.7), detailing lender strategies and borrower
behavior in different interest rate environments.
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Appendix for Chapter 3 (Part
III): Multimodal Manga
Translation

E.1l. PAGE PROCESSING AND TYPESETTING

Page-to-page manga translation involves three distinct steps: (1) page processing to
identify elements on the page, detect text, and estimate reading order; (2) translating
the text into the target language; and (3) typesetting by removing the source text from
the page and inserting the translated text in a stylized font. We will discuss (1) and (3) in
this section.
Page Processing The first step in manga translation is identifying the elements on the
page. Here, we will present an example of a manga page processing pipeline composed
of methods proposed by previous research and publicly available manga tools. For text
detection, we employ the unconstrained method proposed by Del Gobbo and Matuk
Herrera [4] to account for text that is not contained within speech bubbles — see the top
right of figure E.1. However, before applying Optical Character Recognition (OCR) to the
detected text fields, we need to group it into clusters belonging to the same utterance. To
accomplish this, we apply a method inspired by Rigaud, Nguyen and Burie [5] — we utilize
the OPTICS algorithm [6], specifically the Python pyclustering library implementation [7],
to cluster the text — see the bottom left of figure E.1. We then compute the bounding
boxes of these obtained text clusters and discard those that are too small to contain text
— see the bottom right of figure E.1. Finally, we apply Manga OCR' for text recognition —
see figure E.2.

For panel detection and estimating the reading order, we utilize the Magi system [8].
In theory, Magi is capable of creating a transcript of a manga page independently, but it
was trained on translations of manga and is not well-suited for Japanese text detection.
As such, we only utilize some of its functionalities. A visualization of the page processing
pipeline can be seen in Figure E.2. First, we use the process described previously to

"https://github.com/kha-white/manga-ocr
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detect text boxes. Then, we employ Magi to detect panels and estimate the reading
order based on the relative locations of text boxes and panels. Lastly, we utilize Manga
OCR for text extraction.
Typesetting The final step of a page-to-page manga translation — inserting the translated
text back into the image — involves two steps: cleaning and lettering. We did not perform
it as part of our study but, for the sake of giving potential future works a comprehensive
guide to follow, we will still outline the procedure here. Cleaning refers to the removal
step of the text, in which the original Japanese text is removed from the image used in
the translation process. One could utilize an image inpainting model for this task [9];
the regions containing text lines are replaced by the inpainting model, which effectively
removes the text even when it is overlaid on textured images or drawings. Alternatively,
a method that performs this step specifically for manga has been proposed [10].
Lettering is the final step, where the translated text is rendered onto the cleaned image,
with an optimized font size and placement that fits the manga aesthetic. The location of
the rendered text is chosen to maximize the font size while ensuring that all text remains
within the designated text region. This step ensures that the translated text is legible
and properly integrated into the image. To the best of our knowledge, there exists no
prior work that proposes to do this automatically at this time. Though there are plenty
of manual tools (both free and commercial) that make it possible to come up with a
semi-automated approach if the coordinates of the original text are known.

E.2. CHAIN OF DENSITY SUMMARIZATION

Chain-of-Density (COD) Prompt

Existing Summary from the previous Translation: {self.prev_context}

The most recent Observation from the {self.lang} translation was: {self.observa-
tion}

You will generate new increasingly concise, entity-dense summaries based on
the above Existing Summary and most recent Observation.

Keep the summaries in {self.lang}.

You will create 3 summaries. You will create each of them by following the
following two steps:

-Step 1. If possible, identify 1-3 Informative Entities (”;” delimited) from the most
recent Observation which are missing from the Existing Summary.

-Step 2. Write a new, denser summary of identical length which covers every
entity, action, and detail from the previous Existing Summary plus the Informative
Entities from the Observation.

An Informative Entity is:
-Relevant: to the translation’s unfolding narrative.
-Specific: descriptive yet concise (10 words or fewer).
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-Novel: not in the previous summary.
-Faithful: an accurate, detailed reflection of the translation.

Guidelines:

-The first of the three summaries must be long (but less than {Imax} words) yet
highly non-specific, containing little information beyond the entities marked as
missing. Use verbose language and fillers (e.g., "In this part of the translation,
the main character encounters ...”) to reach {Imax} words.

-Make every word count: rewrite the previous summary to improve flow and
make space for additional Informative Entities.

-Make every word count: rewrite the previous summary to improve flow and
make space for additional Informative Entities.

-Make space with fusion, compression, and removal of uninformative phrases
like "the scenario presents”.

-The summaries should become highly dense and concise yet self-contained,
e.g., easily understood without referencing the fact that a translation is being
performed, and contain all information of the narrative thus far.

-Informative Entities can appear anywhere in the new summary. -Only drop the
least relevant Informative Entities from the previous summary if the summary
length exceeds {Imax} words. Otherwise carry all previous Informative Entities
to the new summary.

Answer in JSON. The JSON should be a list (length 3) of dictionaries under the
key "summaries”. Each dictionary should contain keys ”"Informative_Entities”
(storing the Informative Entities included in the corresponding summary) and
"Denser_Summary” (containing the summary).

Figure E.3.: Prompt used for Chain of Density summarization.

In the context of text summarization, Chain of Density (COD) [11] prompting can be
used to generate high-quality summaries by breaking down the summarization task into
a series of smaller, more manageable sub-tasks. COD prompting can be applied to
summarization as follows:

Initial Prompt: The process starts with a prompt that instructs the LLM to read and
understand the source text that needs to be summarized.

First Generation: The LLM generates a brief summary or highlights the key points from
the source text based on the initial prompt.

Iterative Prompting: The generated summary from the previous step is used as the
prompt for the next step. The LLM is then prompted to expand or refine the summary
by adding more details, rephrasing certain parts, or reorganizing the information. This
step can be repeated multiple times, with each subsequent prompt building upon the
previous summary.
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Final Summary: After several iterations, the final summary should be a coherent,
concise, and informative representation of the source text.

By breaking down the summarization process into smaller steps, COD helps the
LLM maintain focus and context throughout the summary generation process. This can
lead to more coherent and accurate summaries, as the model can incrementally refine
and improve the summary at each step. It's important to note that the effectiveness of
COD prompting for summarization may depend on the quality of the initial prompt, the
complexity of the source text, and the LLM’s capabilities.

The VBP-VIS-COD approach we propose does not try to make use of the large context
window size of GPT-4 Turbo and instead uses COD to maintain a rolling summary of
the developments in the story so far. In addition to the image, the model is also given
a summary of the story so far in the target language as additional context. It is then
asked to, in addition to the translation, return the description of the events taking place
on the page being translated, both in Japanese and the target language. A separate
COD module then prompts the LLM to update the previous summary with the new
developments, to achieve an even denser and updated summary through the process
detailed above, with each summary within the same call being a more concise version of
the previous one. We call this method VBP-VIS-COD, as it translates the volume one
page at a time (VBP), using visual context (VIS) and chain of density prompting (COD).

The prompt used for COD is shown in figure E.3.

E.3. DETAILS OF MQM HUMAN EVALUATION

The goal of using MQM is to produce a method of human evaluation that is consistent,
efficient, and sufficiently granular. We use MQM with a manga-specific list of issue types,
covering different error types:

MQM Issue Types

* Fluency
— Punctuation
— Orthography (spelling, punctuation)
— Grammar (is it ungrammatical or not)

» Accuracy
— Addition or omission
— Mistranslation
— Untranslated text

+ Proper Nouns / Terminology
— Orthography
— Failed to recognize as proper noun

+ Style
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— Formality

— Awkward

— Boring

— Tone (emotional tone is miscalibrated)
« Other

— Other

These types are not used in actual score computation, but they are useful for helping us
understand the problems of a given piece of translated text. Each error type is assigned
a severity level by the evaluating translator, ranging from minor to critical, depending on
the impact of the issue on overall quality. MQM provides a scoring system that allows for
the calculation of overall quality scores based on the number of identified issues and
their severity levels. The MQM score is computed using the following equation

S=1_5><Can+10><CMaj+25chm EA)
Total Word Count
where Cyip, Cugj, and Ce,j; are the number of errors with a severity of minor, major, and
critical, respectively. The evaluating translator decides for each error what the most
appropriate severity would be.

E.4. FULL PROMPTS

This section includes all the prompts used as part of our experiments. Only the JA-EN
prompts are shown, as the only difference between them and the JA-PL prompts is that
the target language needs to be explicitly specified in the prompt if it is not English and
that the given example has Polish as its target language instead of English. The shown
prompts can therefore be used with any target language with only very slight alterations.
Below, figure E.5 to figure E.13 show the prompts used for all of our approaches.

Line-by-Line (LBL) Prompt

You will act as a Japanese manga translator. You will be working with copyright-
free manga exclusively. | will give you one line spoken by a character from a
manga.

Here is the line: {self.line}

Your task is to translate the line to {self.lang}. Return the translated line in
{self.lang} in square brackets [].

Example: {self.jp_example} Return: [{self.lang_example}]

Figure E.5.: Prompt used for LBL approach.
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Page-by-Page (PBP) Prompt

You are a manga translator. You are working with copyright-free manga exclus-
ively. | will provide the lines spoken by the characters on a page.

Here are lines spoken by the characters in order of appearance: {self.line}.

Provide the translated lines in square brackets [], without any additional words or
characters. Provide only one translation for each line.

Example: {self.jp_example} Return: [{self.lang_example}]

Figure E.6.: Prompt used for PBP approach.

Line-by-Line with Visual Context (LBL-VIS) Prompt

You will act as a Japanese manga translator. You will be working with copyright-
free manga exclusively. | will give you one line spoken by a character from a
manga. | will also give you a manga page this manga comes from.

Here is the line: {self.line}

Your task is to translate the line to {self.lang} and to explain how the image informs
your translation. Return the translated line in {self.lang} in square brackets and
the explanation for how the image informs the translation in parentheses.

Example: {self.jp_example} Return: [{self.lang_example}] ({self.img_explana-
tion_example}).

Figure E.7.: Prompt used for LBL-VIS approach.

Page-by-Page with Visual Context (PBP-VIS) Prompt

You are a manga translator. You are working with copyright-free manga exclus-
ively. | have given you a manga page, and will provide the lines spoken by the
characters.

Here is the page and the lines spoken by the characters in order of appearance:
{self.page}

For each of the lines, provide a translation in square brackets and explanation
for how the image informs the translation in parentheses. Provide only one
translation for each line.

Example: {self.jp_example} Return: [{self.lang_example}] ({self.img_explana-
tion_example}).
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Figure E.8.: Prompt used for PBP-VIS approach.

PBP-VIS with Numbers (PBP-VIS-NUM) Prompt

You are a manga translator. You are working with copyright-free manga exclus-
ively. | have given you a manga page, and will provide the lines spoken by the
characters. The lines are taken from the speech bubbles with corresponding
numbers.

Here is the page and the lines spoken by the characters in order of appearance:
{self.page}

For each of the lines, provide a translation in square brackets and explanation
for how the image informs the translation in parentheses. Provide only one
translation for each line.

Example: Line 1: {self.jp_example} Return: Translation 1: [{self.lang_example}]
({self.img_explanation_example}).

Figure E.9.: Prompt used for PBP-VIS-NUM approach.

VBP-VIS with Chain-of-Density (VBP-VIS-COD) Prompt

You are a manga translator. You are working with copyright-free manga exclus-
ively.

Here is a summary of the story so far: {self.lang_summary}

I have given you the next manga page, and will provide the lines spoken by the
characters.

Here is the page and the lines spoken by the characters in order of appearance:
{self.page}

Your task is to translate the lines | gave you. For each of the lines | want you to
give the translation, and the reasoning behind choosing this particular translation.
The reasoning has to relate the line to the relevant part of the page and explain
how it makes sense. The translation should be consistent with the story so far.

Answer in JSON. The JSON should contain three keys.

The first key, "story_jp”, should contain a string describing the events taking place
on the manga page | provided. This story has to be in Japanese and incorporate
the lines | gave you verbatim.

The second key, "story_en”, should contain a translation of the Japanese story to
English. Incorporate your translations of the character lines into that story and
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make sure they fit.

The third key, "lines”, should contain a list of dictionaries. The dictionary at
position n, should contain information relevant to the n-th line. Each dictionary
should contain five keys:

"line” - containing the original Japanese line,

"speaker” - information about the person speaking, such as age, gender etc.,
"situation” - information about the place and social situation,

“translation” - containing the translation of the line,

"reasoning” - containing the explanation for the translation.

Example: Line 1: {self.jp_example}

Return:

(
"story_jp": "{self.jp_story}",
"story_en": "{self.lang_storyl}",
"lines": [
(
"line": "{self.jp_examplel}",
"speaker": "{self.lang_speaker}",

"situation": "{self.lang_situation}",
"translation": "{self.lang_examplel}",
"explanation": "{self.lang_explanation}",
),
]

Figure E.10.: Prompt used for VBP-VIS-COD approach.

VBP-VIS, 3 Pages (VBP-VIS-3P) Prompt

You are a manga translator. You are working with copyright-free manga exclus-
ively. | have given you a couple of consecutive manga pages, and will provide
the lines spoken by the characters. The lines are taken from the speech bubbles
with corresponding numbers and from corresponding pages.

Here is the page and the lines spoken by the characters in order of appearance:
{self.page}

Your task is to translate the lines | gave you. For each page, for each of the
lines | want you to give the translation, and the reasoning behind choosing this
particular translation. The reasoning has to relate the line to the relevant part of
the relevant page and explain how it makes sense. Make sure all the lines make
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sense in context of all the pages.

Answer in JSON. The JSON should contain a list of lists under the key "pages”.
The list at position n, should contain information relevant to the n-th page. The
n-th list, should be a list of dictionaries. The dictionary at position i, should
contain information relevant to the t-th line. Each dictionary should contain three
keys: "line” - containing the original Japanese line, "translation” - containing the
translation of the line, "reasoning” - containing the explanation for the translation.

Example:
Page 1:
Line 1: {self.jp_example}

Page 2:
Line 1: {self.jp_example2}

Return:
(
"pages": [
L
(
"line": "{self.jp_examplel}",
"translation": "{self.lang_examplel}",
"reasoning": "{self.lang_resoning}",
),
] b
[
(
"line": "{self.jp_example2}",
"translation": "{self.lang_example2}",
"reasoning": "{self.lang_resoning2}",
),
1,
]
)

Figure E.11.: Prompt used for VBP-VIS-3P approach.

Volume Context VBP-VIS (VBP-VIS-ALL) Prompt

You are a manga translator. You are working with copyright-free manga exclus-
ively. You were provided with an entire volume-worth of manga pages. You will
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also be provided with the lines spoken by the characters on each of those pages.

Here are all the pages in this manga and all the lines from all the pages, in order
of appearance: {self.pages}

Moreover, you will also be provided with the translations for the first
{self.no_pages} pages.

Here are the translations for the lines from these pages: {self.translated_pages}

Your task is to translate the lines from the next untranslated page - page
{self.curr_page}.

For each of the lines on this page, | want you to give the translation, and the
reasoning behind choosing this particular translation. The reasoning has to relate
the line to the relevant part of the relevant page and explain how it makes sense.
Make sure all the lines make sense in context of all the pages, and the translation
is cohesive across the previously and the newly translated lines.

Answer in JSON. The JSON should contain a list of dictionaries under the key
"lines”. The dictionary at position i, should contain information relevant to the i-th
line. Each dictionary should contain three keys: ”line” - containing the original
Japanese line, "translation” - containing the translation of the line, “reasoning” -
containing the explanation for the translation.

Example:
Page 1:
Line 1: {self.jp_examplee}

Page 2:
Line 1: {self.jp_example2}

Page 3:
Line 1: {self.jp_example3}

Page 1:
Translation 1: {self.lang_example}

Return:

(
"lines": [
(
"line": "{self.jp_example2}",
"translation": "{self.lang example2}",
"reasoning": "{self.lang resoning2}.",

E. Appendix for Chapter 3 (Part Ill): Multimodal Manga Translation
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),
]

Figure E.12.: Prompt used for VBP-VIS-ALL approach.

VBV-VIS Prompt

You are a manga translator. You are working with copyright-free manga exclus-
ively. You will be provided with a number of consecutive manga pages, and the
lines spoken by characters. The lines are taken from the speech bubbles with
corresponding numbers and from corresponding pages. Your task is to translate
the lines you were provided with.

Answer in JSON. The JSON should contain a list of lists under the key "pages”.
The n-th list, should be a list of translations of lines from the n-th page.

Example:
Page 1:
Line 1: {self.jp_example}

Page 2:
Line 1: {self.jp_example2}

Return:

(
"pages" : [
["{self.lang_examplel}"],
["{self.lang_example2}"],

]

Figure E.13.: Prompt used for VBV-VIS approach.

E.5. VISUAL FEATURE ABLATION STUDY

To better understand the role of visual features in improving translation accuracy, we
conduct an ablation study. Specifically, we systematically obscure parts of the final
frame (shown in figure E.4) preceding the one used for our example in figure 3.6 and
measure the impact on performance for the corresponding translation. We mask the
television, including its “off” sound symbol, the presenter, the surrounding background,
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and unrelated areas including the counter the TV is standing on. When the key region,
i.e., the border of the TV and its “off” symbol, is obscured, the translation accuracy for that
particular sentence using PBP-VIS decreases significantly compared to when it is visible
— falling to performance comparable to PBP. We do not observe this drop in accuracy
for other masked regions. We observe the same behavior for LBL-VIS and LBL. This
suggests that the visual feature of the television, along with its symbolic representation
of it being switched off, plays a crucial role in the model’s ability to correctly interpret the
context for this example.
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Figure E.1.: Stages of the text detection pipeline. First, pixels belonging to letters are
identified. Then, the pixels are clustered into utterances. Lastly, bounding
boxes are computed. Courtesy of Akamatsu Ken, ©Kodansha, from the
Manga109-s dataset [1-3]
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Figure E.2.: Page processing pipeline. The reading order is estimated based on the rel-
ative location of the detected panels (green) and text boxes (red). Courtesy
of Akamatsu Ken, ©Kodansha, from the Manga109-s dataset [1-3]
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Appendix for Chapter 4:
Value-Sensitive Escalation
Study Details

This appendix complements Chapter 4 with additional details on the survey instrument,
variables, demographics, pilot study, and example tasks used in the Magnitude Estimation
(ME) study.

F1. SURVEY
F.11. VARIABLES

The independent variables are the possible scenarios (TP, TN, FP, FN, and rejection).
We inform participants in the survey that when hate speech is detected, SocialNet ranks
the hateful post lower so that it takes much more effort for the users to find the post.
For the rejection scenario, we inform the participants in the survey that a moderator
needs to check the post within 24 hours, and meanwhile, the post remains visible. The
design decision of using 24 hours is based on the German NetzDG law, which allows
the government to fine social media platforms if they do not remove illegal hate speech
within 24 hours [1].

Our study has two control variables: the measurement scales and the content of posts.
Regarding scales, as described before, we choose ME as our primary scale and use
the 100-level scale for validation. Our dependent variables are reliability, validity, and
value ratios. We use Krippendorff’'s alpha to compute reliability, where a value equal to
or larger than 0.8 and 0.6 indicates reliable and tentative conclusions, respectively [2, 3].
Regarding validity, we use convergent validity [3] between the two scales to assess if
they measure the same phenomenon. The value ratio variable describes the perceived
value of the scenarios, which is measured by calculating the median of the normalized
magnitude estimates of each decision scenario [4-7].
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F.1.2. DEMOGRAPHICS

We perform a demographic analysis regarding the sex, student status, continent of
residence, nationality, language, and ethnicity of our participants to study whether there
are statistical differences in how they perceive hate speech. We have multiple groups for
nationality, ethnicity, and language and two groups for the features of student status, sex,
and continent of residence (since only two continents were present in the demographic
data of all participants).

Two groups More than two groups

Sex Student Continent Nationality Language Ethnicity

TP 0.302 0.032 0.286 0.218 0.109 0.242
TN 0.726 0.379 0.204 0.190 0.216 0.281
FP  0.699 0.933 0.073 0.020 0.040 0.037
FN 0.961 0.150 0.847 0.478 0.438 0.584
R 0.835 0.625 0.496 0.271 0.103 0.068

Table F.1.: Statistical differences between different groups of participants for various
demographic characteristics for each aggregated scenario type in the ME
survey. Each cell contains the p value of either the Mann-Whitney U test for
two groups or the Kruskal-Wallis test for more than two groups. Bold text
indicates significant statistical differences.

Table F.1 shows the group differences for the aggregated scenario types (TP, TN,
FP, FN, and R) and highlights the p-values that differ substantially. We found the most
significant differences across all scenarios for different nationalities and languages of
participants.

F1.3. PiLoT STUDY

We conducted a pilot study with 24 participants to test the survey and estimate the
required completion time. The pilot study showed low inter-rater reliability, which may be
due to unmatched expectations and unclear scenario descriptions. Initially, our scenarios
mentioned that machine-detected hateful posts would be removed, which could be
controversial. Thus, we changed scenarios to rank the hateful posts lower on the feed.
Moreover, we added more lengthy descriptions to explain the potential consequences of
all scenarios in a neutral tone, which prepares the participants to focus on evaluating
harm (instead of giving rewards).

Fl.4. EXAMPLE TASKS
WARNING: GRAPHIC LANGUAGE.

FN SCENARIO WITH ME SCALE
Suppose we have the following post:
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“I want this stupid bitch out of my head I've never even liked her Imao I just basically
want to rape her” (from Basile et al. [8])

Question 1:
Please indicate whether you feel that this post is hateful or not hateful.
Select input with options: ‘hateful’ or ‘not hateful’.

Question 2;
You are a user of the SocialNet platform and just saw this post on your main feed
because SocialNet's automated detection system is confident that it is not hateful.

» This post remains visible on other people’s main feeds as well.

- If the post is hateful after all, then the detection system was incorrect. This hateful
post is now visible on people’s main feeds with the consequence that they can get
harmed.

If the post is indeed not hateful, then the detection system was correct.

* You should be aware that it is expected for SocialNet to correctly classify hate
speech. Wrong classifications are undesirable as they may cause harm to people.

Please indicate whether you agree, disagree, or are neutral about SocialNet’s decision.
Select input with options: ‘agree’, ‘neutral’, or ‘disagree’.

Question 3 (only visible when ‘agree’ or ‘disagree’ are selected):

Please indicate how much you agree/disagree with SocialNet’s decision using any
positive number.

Show ME input field that allows all positive values greater than 0.

FP SCENARIO WITH 100-LEVEL SCALE

Suppose we have the following post:
“Ontario concerns were not listened at immigration meeting in Ottawa For illegal
crossing” (from Basile et al. [8])

Question 1:
Please indicate whether you feel that this post is hateful or not hateful.
Select input with options: ‘hateful’ or ‘not hateful’.

Question 2:
You are a user of the SocialNet platform and have not seen this post on your main feed
because SocialNet's automated detection system is confident that it is hateful.

= You can still find this post when you scroll down your feed since SocialNet ranks
hateful posts lower.

+ If the post is not hateful after all, then the detection system was incorrect. This
neutral post is now ranked lower on people’s feeds with the consequence that the
post cannot easily reach the author’s followers.
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+ If the post is indeed hateful, then the detection system was correct.

* You should be aware that it is expected for SocialNet to correctly classify hate
speech. Wrong classifications are undesirable as they may cause harm to people.

Please indicate whether you agree, disagree, or are neutral about SocialNet’s decision.
Select input with options: ‘agree’, ‘neutral’, or ‘disagree’.

Question 3 (only visible when ‘agree’ or ‘disagree’ are selected):

Please indicate how much you agree/disagree with SocialNet’s decision using any
positive number from 1 to 100. If you feel neutral about SocialNet’s decision, select
neutral in the field above.

Show a numerical slider with values between 1 and 100.

REJECTION SCENARIO WITH 100-LEVEL SCALE

Suppose we have the following post:
“Ever been so hungover that your stomach feels like it’s eating itself” (from Basile et al.

[8])

Question 1:
Please indicate whether you feel that this post is hateful or not hateful.
Select input with options: ‘hateful’ or ‘not hateful’.

Question 2:

You are a user of the SocialNet platform and just saw this post on your main feed
because SocialNet’s automated detection system was not confident enough in whether
it was hateful or not.

< Aninternal human moderator at SocialNet needs to look at it within at most 24 hours.

* Meanwhile, the post remains visible on people’s main feeds.

Please indicate whether you agree, disagree, or are neutral about SocialNet’s decision.
Select input with options: ‘agree’, ‘neutral’, or ‘disagree’.

Question 3 (only visible when ‘agree’ or ‘disagree’ are selected):

Please indicate how much you agree/disagree with SocialNet's decision using any
positive number from 1 to 100.

Show a numerical slider with values between 1 and 100.
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How do we ensure large language models
are genuinely robust, rather than just
performing well on benchmarks?

This work investigates the critical
vulnerabilities of modern LLMs—from
their tendency to mimic reasoning styles
without logical substance, to their
susceptibility to high-confidence blind
spots. By introducing targeted synthetic
data generation, agent—-guided knowledge
injection, and value-sensitive
escalation policies, this thesis offers
a holistic approach to AI reliability.

It provides actionable frameworks to
localize brittleness, correct unknown
unknowns, and navigate uncertain,
high-stakes deployments with auditable,
human—-aligned decision-making.
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