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Abstract

The effective deployment of language models in specialized domains such as finance and medicine

requires addressing three coupled challenges: learning domain-specific representations, generat-

ing semantically faithful and comprehensive outputs, and evaluating quality without extensive

human annotation. This dissertation addresses these challenges through the unifying concept

of semantic fidelity, defined as the preservation of intended meaning and relations among

domain concepts across (i) representation, (ii) generation, and (iii) evaluation. This work devel-

ops three complementary contributions spanning representation learning, multi-agent reasoning,

and consensus-based evaluation.

First, Adaptive Masked Language Modeling (AMLM; Chapter 3) introduces a domain adap-

tation approach that dynamically prioritizes domain-specific terminology during pre-training

through adaptive importance weighting. By incorporating multiple signals of token importance

together with stabilization mechanisms, AMLM ensures robust training under highly skewed

importance distributions. Evaluated on financial-domain tasks, AMLM demonstrates improve-

ments in semantic textual similarity while producing more compact and semantically coherent

representations. These results suggest that adaptive importance weighting provides an effective,

architecture-agnostic path to domain specialization.

Second, Collective Intentional Reading through Reflection and Refinement (CIR3; Chapter 4)

introduces a multi-agent framework for generating question–answer pairs that are both compre-

hensive and faithful to technical context. CIR3 applies collective intelligence principles through

structured coordination that balances perspectival diversity with semantic alignment to the

source material. Agents iteratively refine outputs through interaction protocols that prevent

premature consensus. Experiments across financial and medical datasets demonstrate sub-

stantial improvements in both comprehensiveness and faithfulness over strong baselines, while

reducing duplication and over-specificity.

Third, the consensus-based evaluation framework (Chapter 5) enables rigorous assessment with-

out reliance on human-annotated gold standards. The framework establishes semantic consen-

sus among multiple models and quantifies inter-model reliability through hierarchical clustering

across multiple semantic granularities. Target systems are evaluated using agreement metrics

that balance fine-grained and holistic semantic alignment. Cross-domain validation in finance

and medicine demonstrates strong consensus reliability, robust system alignment, and stabil-

ity across both general-purpose and domain-informed embeddings, suggesting that multi-model

consensus offers a practical alternative to annotation-intensive evaluation.

Together, these contributions enhance semantic fidelity in specialized domains. AMLM learns

domain-aware representations through weighted loss functions; CIR3 structures collective rea-

soning to produce faithful, comprehensive outputs; and the consensus framework provides a
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principled means of evaluation without gold standards. The components are modular and in-

teroperable, supporting independent use or integration into a unified pipeline for high-stakes

NLP applications where semantic precision is critical.

The findings demonstrate that (i) training-objective design can enable efficient domain spe-

cialization without architectural changes, (ii) collective intelligence mechanisms can balance

diversity and convergence for reliable reasoning, and (iii) multi-model consensus with quantified

reliability offers a practical alternative to annotation-intensive evaluation. Collectively, these

results outline a coherent methodological framework for improving language model fidelity in

specialized domains.
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Chapter 1

Introduction

1.1 Motivation and Context

Advances in language models have enabled systems to perform complex tasks in generation,

representation learning, and semantic understanding [1, 2]. However, specialized domains (e.g.,

finance, medicine, and law, which involve complex terminology and knowledge structures) con-

tinue to pose challenges for semantic fidelity, which we define as the degree to which a system

preserves domain-specific meanings and conceptual relations across three interconnected stages:

(i) representation, capturing domain semantics within model representations; (ii) generation,

producing outputs that are comprehensive and semantically faithful to source content; and (iii)

evaluation, assessing semantic equivalence despite lexical variation.

Specialized domains present three interconnected challenges that distinguish them from general

language use. First, they exhibit high semantic density : specialized terminology carries precise

technical meanings, and subtle distinctions between related concepts can have significant prac-

tical implications. For instance, in investment, the terms “index fund”, “exchange-traded fund

(ETF)”, and “mutual fund” all refer to pooled investment vehicles, yet differ fundamentally in

their operational mechanism, typical application, and broader economic impact. Second, these

domains involve implicit knowledge structures, where expert understanding depends not only

on explicit statements but also on inferring unstated relationships, assumptions, and domain

conventions. For example, in medical diagnosis, the relationship between symptoms and condi-

tions often hinges on clinical context and epidemiological patterns not explicitly articulated in

1
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individual case reports. Third, specialized domains face evaluation scarcity : the cost and ex-

pertise required to produce high-quality annotations create bottlenecks in system development

and validation. This scarcity is further compounded by the high semantic density and implicit

knowledge, requiring evaluators to possess deep domain expertise to assess whether systems

accurately capture subtle conceptual distinctions and unstated relationships.

These challenges manifest across the full lifecycle of language model deployment. During pre-

training and adaptation, standard language modeling objectives weight all prediction errors

uniformly, failing to prioritize domain-specific terminology that carries disproportionate seman-

tic weight. For downstream tasks such as question generation, summarization, or information

extraction, models must not only recall relevant information but also reason over implicit rela-

tionships and produce outputs that are both comprehensive and faithful to the source material.

During evaluation, the absence of large-scale annotated datasets creates a validation gap, leading

to reliance on proxy metrics with limited diagnostic value or costly human evaluation.

This dissertation addresses these challenges through an integrated framework structured across

three stages: (i) learning mechanisms that guide models to internalize domain-specific semantics,

(ii) reasoning architectures that leverage collective intelligence for complex generation, and

(iii) evaluation methodologies that assess semantic quality without requiring extensive human

annotation. Chapters 3–5 instantiate these elements through AMLM (representation), CIR3

(reasoning), and a consensus-based framework (evaluation).

1.2 Research Challenges and Gaps

The challenges of semantic fidelity in specialized domains intersect with several active research

areas in Natural Language Processing (NLP), including domain adaptation [3], faithful and fac-

tually consistent generation [4], and reliable evaluation of semantic quality [5]. Despite progress

in these areas, notable gaps remain, motivating the framework proposed in this dissertation.

1.2.1 Domain Adaptation and Representation Learning

Approaches to domain adaptation primarily rely on either pre-training models from scratch on

domain-specific corpora or continuing the pre-training of general-purpose models [6, 7]. While

these methods improve domain performance, they share a key limitation: they apply standard
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training objectives, such as Masked Language Modeling (MLM), which treat all tokens uni-

formly. This uniform weighting can be inefficient for specialized domains, where a small fraction

of tokens representing domain-specific concepts carry disproportionate semantic weight.

Research has explored adaptive training schemes that modify which tokens are masked during

training [8, 9], implementing intelligent masking strategies based on token frequency or domain

relevance. However, these input-side modifications leave the loss computation unchanged: once

a token is masked, prediction errors contribute equally regardless of the token’s semantic impor-

tance. This limitation is particularly pronounced in specialized domains, where models must not

only predict domain terminology but also learn the rich semantic relationships that structure

expert knowledge.

Moreover, existing domain adaptation methods provide limited insight into the nature of the

learned representations. Key open questions include whether domain-adapted models learn

specialized, lower-dimensional representations or merely memorize surface-level patterns, and

how the geometry and semantic organization of the embedding space evolve during domain-

specific training. These questions remain critical for assessing the extent to which models

capture domain semantics rather than merely exhibiting improved task performance through

superficial adjustments.

1.2.2 Semantic Generation and Reasoning

Generating semantically faithful and comprehensive content in specialized domains poses dis-

tinct challenges beyond general text generation. For example, in question–answer generation

from technical documents, systems must not only extract explicit information but also iden-

tify implicit relationships, synthesize multi-faceted concepts, and generate questions that probe

different levels of understanding. Standard generation approaches, including in-context learn-

ing with Large Language Models (LLM) [1], may lack sufficient mechanisms for deep semantic

reasoning, particularly in information-dense, technically complex contexts.

LLM-based multi-agent systems have demonstrated improved performance on complex reason-

ing tasks through collaboration, debate, and specialized role assignment [10, 11]. However,

existing multi-agent frameworks primarily focus on task decomposition and voting mechanisms,

insufficiently modeling the cognitive processes that enable deep understanding, preserve diver-

sity, and ensure balanced convergence. Key open questions include: (i) how agents can engage
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in iterative reasoning processes that build upon each other’s insights to uncover implicit rela-

tionships, (ii) how systems can balance consensus-seeking and diversity-preservation to ensure

comprehensive coverage, and (iii) how collective intelligence principles from cognitive science

and sociology can be operationalized to enhance semantic reasoning in NLP systems.

1.2.3 Evaluation Without Human Gold Standards

A central gap in specialized domain NLP is the evaluation bottleneck. High-quality human

annotation requires domain expertise, making it both expensive and slow to obtain. This

scarcity creates a self-reinforcing challenge: without adequate evaluation data, it is difficult to

measure progress, compare systems, or identify failure modes.

Although multiple evaluation methods exist, their limitations suggest the need for approaches

that more reliably assess semantic fidelity. Self-consistency approaches [12] can detect certain

reasoning errors but do not directly evaluate whether outputs reflect source material. Reference-

free metrics based on perplexity or other intrinsic measures tend to correlate weakly with

semantic quality [13], and despite ongoing research efforts to improve these approaches [14],

they remain inherently limited as primary evaluation methods. LLM-as-judge approaches [15]

show promise but often rely on single-model judgments, raising concerns about reliability and

potential bias. Collectively, these limitations highlight the need for evaluation methodologies

that are both scalable and sensitive to the semantic relationships central to specialized domains.

A robust evaluation framework for specialized domains should satisfy several requirements: it

should (i) be able to operate without extensive human annotation, (ii) leverage multiple mod-

els to reduce single-model bias, (iii) provide statistically principled reliability estimates, (iv)

accommodate semantic equivalence despite lexical variation, and (v) generalize across domains

and embedding representations. Few existing frameworks simultaneously meet all of these re-

quirements, underscoring the necessity of new approaches.

1.3 Research Objectives and Questions

Guided by these challenges, this dissertation pursues three objectives:

1. Representation: Learn domain-aware representations by reweighting learning signals to

emphasize domain-specific semantics and terminology during pre-training (Chapter 3).
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2. Reasoning: Enable faithful and comprehensive generation on information-dense docu-

ments via collective, multi-agent workflows that balance diversity and convergence (Chap-

ter 4).

3. Evaluation: Provide rigorous, interpretable, and reliable semantic evaluation without

human gold standards through cross-model consensus and reliability analysis (Chapter 5).

These objectives give rise to the following research questions (RQs):

1. RQ1 (Chapter 3): Can loss-side weighting for masked language modeling efficiently and

robustly adapt language models to prioritize domain-specific semantics and terminology

beyond uniform-loss or data-only adaptation approaches?

2. RQ2 (Chapter 4): Which principles and mechanisms enable automated generation of

question–answer pairs that are both comprehensive and faithful to technical context, par-

ticularly in settings requiring deep engagement and multifaceted reasoning?

3. RQ3 (Chapter 5): How can we perform rigorous, interpretable, and reliable semantic

evaluation of NLP systems in the absence of human-provided gold standards, leveraging

semantic consensus and reliability estimation?

1.4 Research Contributions

This dissertation makes three primary contributions, each addressing a distinct challenge while

forming part of an integrated methodology for advancing semantic fidelity in specialized do-

mains.

1.4.1 Contribution 1: Adaptive Masked Language Modeling (Chapter 3)

We introduce Adaptive Masked Language Modeling (AMLM), a domain adaptation framework

that shifts the focus of learning from input-side masking to output-side gradient modulation by

applying importance weighting directly to the MLM loss. AMLM incorporates multiple contex-

tual weighting strategies to prioritize tokens carrying significant semantic weight and employs

stabilization mechanisms to ensure robust training under skewed weight distributions. This ap-

proach guides models toward specialized, semantically coherent, and compact representations,

as demonstrated on financial domain tasks.
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1.4.2 Contribution 2: Collective Intentional Reading (Chapter 4)

We introduce Collective Intentional Reading through Reflection and Refinement (CIR3), a multi-

agent framework for generating comprehensive and faithful question–answer pairs. CIR3 for-

malizes comprehensiveness and faithfulness as a diversity-alignment objective and orchestrates

specialized agents through iterative refinement, balancing coverage and grounding while reduc-

ing duplication and over-specificity in complex, information-dense documents.

1.4.3 Contribution 3: Consensus-Based Evaluation (Chapter 5)

We develop a consensus-based evaluation methodology for assessing semantic systems when

human-annotated gold standards are unavailable. The framework establishes a stable seman-

tic baseline through aggregation of outputs from multiple diverse language models and evalu-

ates target systems based on their alignment with this induced consensus. Integrating multi-

granularity clustering and reliability quantification, this approach provides a principled and

practical alternative to traditional gold-standard evaluation in specialized domains.

1.4.4 Publications

Parts of this dissertation (Chapters 4 and 5) are based on the following peer-reviewed journal

publication:

S. Saadaoui and E. Alonso, “Coordinated LLM multi-agent systems for collaborative

question-answer generation”, Knowledge-Based Systems, vol. 330, p. 114627, 2025.

1.5 Scope

This dissertation focuses on textual modalities in two specialized domains: finance and medicine.

While methods are designed to be domain-agnostic, empirical validation is limited to these do-

mains. Finance and medicine were selected due to their high semantic density, economic and

social importance, and availability of suitable corpora. Generalization to other specialized do-

mains (e.g., law, scientific research) remains an important direction for future work. Limitations

and potential threats to validity are discussed in Chapter 6.
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1.6 Organization of the Dissertation

The remainder of this dissertation is organized as follows:

Chapter 2: Foundations and Literature Review surveys foundational concepts and prior

research relevant to domain-adaptive representation learning, multi-agent reasoning for genera-

tion, and consensus-based evaluation, situating the contributions within the broader literature.

Chapter 3: Adaptive Learning for Domain Specialization introduces AMLM, presenting

the weighted loss formulation, contextual weighting strategies, and experimental validation on

financial domain tasks.

Chapter 4: Collective Reasoning for Faithful and Comprehensive QAG presents CIR3,

formalizing the multi-agent coordination mechanisms and iterative refinement processes, with

experimental evaluation in the financial and medical domains.

Chapter 5: Consensus Without Gold presents the consensus-based evaluation methodol-

ogy, detailing procedures for establishing semantic consensus and assessing target systems, with

cross-domain validation and analysis of robustness to different embedding representations. The

chapter also demonstrates how this framework provides an independent validation layer for the

other contributions.

Chapter 6: Conclusion and Future Work synthesizes the dissertation’s findings, discusses

scope and limitations, and outlines directions for future research in semantic fidelity for special-

ized domains.

Chapters 3–5 are relatively self-contained, with methodology, experiments, and results. Taken

together, the three contributions provide an end-to-end perspective for semantic fidelity in

specialized domains: AMLM delivers domain-adapted representations, CIR3 enables faithful

and comprehensive generation, and the consensus approach evaluates representation quality

and generation fidelity without gold standards. Chapter 5 cross-validates AMLM and assesses

CIR3, demonstrating interoperability while preserving independence of each contribution.



Chapter 2

Foundations and Literature Review

This chapter synthesizes the literature underpinning the core contributions of this dissertation.

Section 2.1 reviews foundational concepts. Section 2.2 examines representation learning for do-

main specialization (Chapter 3); Section 2.3 examines multi-agent reasoning for comprehensive

and faithful QA generation (Chapter 4); and Section 2.4 examines consensus-based semantic

evaluation without gold standards (Chapter 5).

2.1 Foundational Concepts

The transformer architecture [16] revolutionized NLP by replacing recurrent mechanisms [17,

18, 19] with self-attention. This design enables parallel processing and captures long-range de-

pendencies. Modern language models adopt variants of this architecture depending on their

intended use: encoder-only models (e.g., BERT [2]) excel at understanding tasks like classi-

fication and named entity recognition; decoder-only models (e.g., GPT [20, 1]) generate text

autoregressively; encoder-decoder models (e.g., T5 [21], BART [22]) combine both for sequence-

to-sequence tasks such as translation, summarization, question answering, and conditional text

generation.

2.1.1 Pre-training Objectives

Self-supervised pre-training enables models to learn rich language representations from large-

scale unlabeled text. Common objectives include:

8
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� Masked Language Modeling (MLM) [2], which randomly masks tokens in input sequences

and trains the model to predict them, enabling bidirectional context modeling.

� Next Sentence Prediction (NSP) [2] and its alternative Sentence Order Prediction (SOP)

[23], which target inter-sentence coherence. However, empirical results suggest that NSP

provides limited downstream gains [24].

� Span-based objectives [25], which require the model to reconstruct contiguous masked

spans, encouraging it to capture longer-range contextual dependencies.

� Causal language modeling, predicting tokens sequentially based on previous tokens, used

in autoregressive models like GPT [26].

� Denoising objectives (T5 [21], BART [22]), which corrupt contiguous spans or whole seg-

ments of input text (by token masking, deletion, or permutation) and train models to

reconstruct the original, blending masked token prediction with sequence generation.

� Contrastive learning [27, 28, 29], which brings semantically similar instances closer in

embedding space while separating dissimilar ones, improving unsupervised and semi-

supervised representation quality. Recent approaches adapt contrastive objectives for

both encoder-only and encoder-decoder architectures in LLMs [30].

AMLM builds on masked language modeling, with principles that extend to other pre-training

objectives.

2.1.2 Foundation Models

The rapid evolution of foundation models has produced increasingly capable and specialized

systems. Model families such as Llama 3/3.1 [31], Qwen 2/2.5/3 [32, 33, 34, 35], and Phi-

3 [36, 37] illustrate advances in data curation, scaling, and instruction tuning. Open-weight

variants (e.g., Llama 3.1, Qwen 2.5, Gemma 3 [38]) serve as standard baselines for benchmarking

and downstream adaptation, while closed-weight systems such as Claude 4 and GPT-4/4o [39,

40] represent state-of-the-art capabilities, integrating multimodal reasoning, extended context

handling, and refined safety alignment.

Iterations including GPT-4o, Claude 4, and Gemini 2.5 [41] increasingly unify text, vision, and

audio modalities within single generative frameworks. These models also underpin benchmark
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ecosystems such as HELM 2.0 [42, 43], LMSYS Arena [44, 45], and EvalPlus [46, 47], providing

consistent reference points for evaluation.

Parallel work explores architectural innovations, including Mixture-of-Experts (MoE) architec-

tures [48, 49, 50], which dynamically route computation across specialized subnetworks to im-

prove efficiency. Examples include DeepSeek-V2 [51] and Gemini 2.5. The divergence between

open- and closed-weight releases also informs discussions of transparency, reproducibility, and

model governance, reflecting tensions between openness and proprietary control in foundation

model development.

This work employs different categories of foundation models to match the requirements of each

pillar. Encoder-only models (BERT variants) support domain-specific representation learning

(Chapter 3); decoder-only, instruction-tuned models (e.g., Llama 3, Gemma 3) enable multi-

agent QAG, leveraging autoregressive reasoning for controlled outputs (Chapter 4); and multi-

model ensembles, comprising both open-weight and closed-weight systems, facilitate consensus-

based evaluation (Chapter 5).

2.1.3 Evaluation Paradigms

Pre-trained representations can be evaluated either intrinsically or extrinsically. Intrinsic eval-

uation assesses properties of the embeddings directly, for example through perplexity on held-

out corpora, probing models for linguistic phenomena [52], or geometric analysis of embedding

spaces. Extrinsic evaluation measures practical performance on downstream tasks (e.g., question

answering, sentiment analysis, natural language inference) through fine-tuning or feature-based

transfer. In fine-tuning, model parameters are updated to optimize task-specific objectives,

whereas feature-based transfer keeps the pre-trained model fixed and trains only a lightweight

classifier on top of the frozen embeddings [53]. While extrinsic metrics reflect task-specific

utility, intrinsic measures provide insight into the knowledge encoded within representations.

Section 2.4 and Chapter 5 extend these paradigms to multi-model consensus and reliability

estimation.
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2.2 Representation: Domain-Specific Encoders

Domain adaptation addresses the challenge of transferring pre-trained models to contexts where

vocabulary, style, and conceptual relationships differ from general-purpose corpora. Strategy

choice depends on corpus size, domain shift, and computational resources. This section reviews

primary adaptation techniques, highlighting gaps that motivate the AMLM approach (Chap-

ter 3). The discussion proceeds from pre-training choices, through corpus, task, and vocabulary

refinements, to adaptive masking, and parameter-efficient adaptation.

2.2.1 Pre-training: From Scratch vs. Continued Pre-training

Domain adaptation is typically achieved either by pre-training a model from scratch on a

domain-specific corpus or by continuing the pre-training of a foundational model on the target

domain data [54, 55]. Pre-training from scratch allows all layers, including tokenization and

embeddings, to specialize immediately on domain-specific patterns, yielding strong in-domain

performance if sufficient data and compute are available [56]. Continued pre-training leverages

linguistic generalization from a foundational model and adapts the model’s weights to the tar-

get corpus. This approach is typically more resource-efficient [3], and because lower layers tend

to remain stable while higher layers adapt to the new domain, it can reduce the likelihood of

catastrophic forgetting1 [59].

BioBERT [6] exemplifies continued pre-training in the biomedical domain, achieving state-of-

the-art results in named entity recognition, relation extraction, and question answering. Sim-

ilarly, FinBERT [7] adapts BERT for financial text, improving sentiment analysis and classi-

fication tasks. These examples demonstrate that large-scale domain adaptation can markedly

boost downstream performance.

Despite their effectiveness, conventional pre-training strategies do not explicitly prioritize in-

domain tokens during loss computation, motivating approaches that emphasize domain-specific

terminology.

1Catastrophic forgetting [57, 58] occurs when training on new tasks overwrites previously learned information.
It is a central challenge for continual learning and domain adaptation, especially when domain data is limited.
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2.2.2 Corpus, Vocabulary, and Task Adaptation

Domain adaptation can be refined along three axes: corpus scope, task locality, and tokenizer

coverage.

Domain-Adaptive Pre-training (DAPT) [3] is the standard instantiation of continued pre-

training on unlabeled in-domain text and generally yields consistent gains under substantial

distribution shift. This approach broadens the model’s exposure to the general characteristics

of a domain, making it more robust to shifts in vocabulary, style, and topic. Task-Adaptive

Pre-training (TAPT) [3] narrows adaptation to unlabeled data from a specific downstream

task, complementing DAPT when task data diverges stylistically from the domain. TAPT

refines the model by focusing on task-specific patterns present in the task’s unlabeled data,

which can be especially beneficial when the task’s data distribution is not fully captured by

the broader domain corpus. Domain-specialized models such as BioBERT [6], SciBERT [60],

FinBERT [7], and LegalBERT [56] exemplify the practical impact of these adaptation strategies,

each tailored to the linguistic and structural demands of their respective domains.

The choice of tokenizer and its coverage also plays a critical role, as it determines how well

the model can represent and generalize across different types of text, particularly in special-

ized or low-resource settings. Vocabulary adaptation reduces subword fragmentation for

technical terminology. Domain tokenizers, or selective vocabulary expansion methods like VE-

GAD [61], improve coverage while minimizing parameter growth (primarily new embedding

vectors). Practical trade-offs involve corpus selection, computational cost, and strategies to

limit catastrophic forgetting, such as mixing general-domain text or applying continual learning

regularizers [57, 58].

Orthogonal to these input-side choices, alternative approaches can emphasize domain-critical

tokens during training while complementing DAPT/TAPT strategies.

2.2.3 Adaptive Approaches in Masked Language Modeling

While the approaches discussed above primarily target static domain adaptation via continual

pre-training on domain-specific corpora, dynamic adaptation strategies enhance masked lan-

guage modeling by prioritizing more salient or informative tokens. Adaptive masking policies

dynamically adjust token masking probabilities based on criteria such as token difficulty, fre-

quency, domain relevance, or position within a sequence [62]. Techniques like Weighted Sampling
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(WSBERT) [8] and scheduled masking [9] modulate masking distributions to mitigate frequency

bias and improve model generalization. Representative strategies include dynamic masking, as

implemented in RoBERTa [24], which regenerates mask patterns each epoch to increase data

diversity, exposing the model to a wider variety of masked inputs and enhancing its ability to

learn robust context representations. Another example is knowledge- and entity-aware mask-

ing, such as ERNIE’s approach [63], which prioritizes masking of phrases and named entities to

better capture domain-specific semantics and relationships.

Beyond modifying which tokens are masked, an alternative approach is to adjust how prediction

errors are weighted during training, allowing selective emphasis on domain-specific terminology.

2.2.4 Parameter-Efficient Adaptation

Parameter-Efficient Fine-Tuning (PEFT) methods such as Adapters [64] and Low-Rank Adap-

tation (LoRA) [65] adapt LLMs by training only small additional modules or low-rank matrices

while keeping most of the original parameters frozen. This approach significantly reduces both

computational requirements and memory usage during fine-tuning. Despite training far fewer

parameters, these methods typically achieve strong downstream task performance comparable

to full fine-tuning.

Parameter-efficient methods are orthogonal and complementary to training objective modifica-

tions. Combining architectural efficiency with adaptive training objectives represents a promis-

ing direction for domain specialization.

2.2.5 Guidance, Stability, and Regularization

Beyond corpus and masking choices, several strategies guide model focus and maintain stability

during domain specialization.

Fine-Tuning Strategies. Gradual unfreezing and discriminative learning rates [66] improve

stability during domain adaptation. These methods provide a foundation for safer task-specific

adaptation and complement curriculum and weighting techniques.

Curriculum and Importance Weighting. Curriculum learning organizes training data from

easy to hard examples, dynamically adjusting sample importance over time to guide learning
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progression [67]. In contrast, focal loss statically down-weights easy samples throughout train-

ing, concentrating on harder, misclassified instances to address class imbalance [68]. Both

methods enhance learning by emphasizing challenging data but differ fundamentally in their

dynamic versus fixed importance weighting schemes.

Stability and Regularization. A persistent challenge in continued pre-training is catastrophic

forgetting : the loss of general-language capability when a model is adapted to a narrow domain.

� Regularization-based methods restrict parameter drift to preserve pretrained knowl-

edge and enhance training stability. Elastic Weight Consolidation (EWC) [58] penalizes

updates to critical parameters for prior tasks, while Mixout [69] stochastically replaces

fine-tuned parameters with pre-trained ones to improve stability. Label smoothing [70]

curbs overconfidence in predictions during training phase. Dropout [71] randomly deacti-

vates a subset of neurons during training, which forces the network to not rely heavily on

any individual neuron. This encourages the network to develop redundant representations

across neurons, improving robustness and generalization, while mitigating catastrophic

forgetting in continual learning.

� Residual connections [72] introduce shortcut paths that enable layers to learn modifi-

cations to the input rather than entirely new transformations, facilitating gradient flow,

stabilizing training, and enabling very deep architectures. By supporting identity map-

pings, residual connections allow the network to retain prior representations while learning

new domain-specific refinements, thus improving robustness and mitigating catastrophic

forgetting. Residual connections are a fundamental component in transformer-based mod-

els and are widely adopted across domain adaptation and continual learning settings.

� Normalization methods, including Layer Normalization [73] and Batch Layer Normal-

ization [74], maintain consistent activation distributions and smooth gradients, reducing

disruptive parameter shifts.

� Replay-based methods interleave domain-specific data with general-domain examples

to preserve broad linguistic knowledge [75]. Gradient Episodic Memory (GEM) methods

constrain gradient updates to prevent interference with previously learned tasks [76].

� Knowledge distillation [77] transfers the softened outputs of a general-domain teacher

model to a domain-adapted student, preserving generalization while adapting to new

domain patterns.
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� Parameter-efficient fine-tuning updates only small subsets of parameters, such as

adapter modules or low-rank factorization methods (LoRA), which preserves pretrained

weights and minimizes forgetting [64, 65].

� Dynamic architecture methods, such as Progressive Neural Networks (PNN), modify

or expand model structure progressively to incorporate new domain knowledge without

overwriting existing capabilities [78].

� Adversarial and robust training injects perturbations during training to improve

model generalization and stability across domains [79].

� Ensemble and mixture of experts approaches combine multiple specialized models or

modules to retain general language understanding while adapting to diverse domains [48].

Together, these complementary strategies enable continued pre-training methods to balance

adaptation and retention, ensuring improved domain specialization without compromising a

model’s general understanding.

While existing methods improve adaptation, they typically rely on static heuristics (fixed cur-

ricula, constant weighting, predefined masking) that treat all tokens uniformly during training.

Chapter 3 addresses this limitation by introducing adaptive masked language modeling, which

dynamically modulates the learning signal to emphasize domain-relevant terminology based on

contextual and distributional importance, while stabilization mechanisms ensure robust training

under skewed weight distributions.

2.3 Reasoning: From ICL to Single- and Multi-Agent Control

Shifting from representation learning to generation, this section examines reasoning systems,

progressing from single-agent methods to multi-agent coordination. While domain-adapted en-

coders capture specialized knowledge (Section 2.2), generating comprehensive and faithful con-

tent from that knowledge requires coordinated reasoning. Single-model approaches, including

chain-of-thought prompting, often struggle with complex, information-dense documents: they

may overlook key concepts (insufficient comprehensiveness) or hallucinate details not grounded

in the source text (reduced faithfulness). This limitation is particularly acute in Question–

Answer Generation (QAG), where the objective is to produce question–answer pairs that fully

and faithfully reflect a given context. Multi-agent systems provide a paradigm to address these
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limitations by leveraging collective intelligence. By structuring collaboration among multiple

LLM agents, such systems can simulate diverse viewpoints, facilitate critical debate, and itera-

tively refine outputs toward deeper understanding of the source material.

This section reviews the QAG task and its evolution (Section 2.3.1), In-Context Learning as

a foundational conditioning mechanism (Section 2.3.2), single-agent reasoning methods (Sec-

tion 2.3.3), and multi-agent collaboration patterns with control and termination mechanisms

(Sections 2.3.5, 2.3.6).

2.3.1 Question–Answer Generation (QAG)

Question–Answer Generation (QAG) is the task of generating question–answer pairs from a

given context document. It underpins a wide range of applications, from enhancing information

retrieval systems [80, 81] and building educational tools [82, 83] to augmenting datasets for

downstream QA training [84].

QAG is related to, but distinct from, its sub-tasks: Question Generation (QG), Answer Extrac-

tion (AE), and Question Answering (QA):

� Question Generation (QG) focuses on generating a question given a context and a

pre-selected answer span, explored through both rule-based [85, 86] and neural [87, 88]

methods.

� Answer Extraction (AE) or Machine Reading Comprehension (MRC) identifies an

answer span from a text given a question [89, 90].

� Question Answering (QA) is the general task of responding to a question, optionally

conditioned on a provided document.

In contrast, QAG is a holistic and more challenging task, as it must identify salient information

worth questioning and then generate both the question and a faithful answer. This requires

deeper text understanding than QG or AE alone.

Evolution of QAG Models. Early approaches were rule-based or statistical, relying on

syntactic parsing and handcrafted templates to transform declarative sentences into questions

[85, 86]. Neural sequence-to-sequence models subsequently enabled data-driven question gener-

ation [87], often trained on reading comprehension datasets such as SQuAD [89].
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The rise of pre-trained language models (PLMs) marked a decisive shift: models like BERT

[2] were fine-tuned for AE and QG components in pipeline systems [91], while encoder-decoder

models such as BART [22] and T5 [21] enabled end-to-end QAG by jointly generating question

and answer pairs conditioned on the context [84, 92].

Limitations and Open Challenges. Despite progress, QAG faces persistent challenges,

particularly for complex, domain-specific documents:

� Lack of Comprehensiveness: Generated QA pairs often capture only surface-level

facts, neglecting implicit relationships and higher-order concepts [93]. This limitation is

attributed partly to the absence of multi-reference training datasets that exhaustively

cover all possible questions for a context [94].

� Lack of Faithfulness: Generative models, especially large-scale ones, are prone to hal-

lucination [10, 95], producing answers that are plausible but not factually grounded in

the source text. This is particularly problematic in high-stakes domains like finance or

medicine.

� Limited Question Diversity: Models tend to generate repetitive or semantically similar

questions [96], overemphasizing simple Wh-types at the expense of complex reasoning

questions.

Research has attempted to address these issues. For example, [97] and [96] enriched generation

with entity-level metadata to improve coverage, while [94] proposed dynamic identification of

question-worthy content before generation. Yet balancing comprehensiveness with faithfulness

remains difficult, especially in specialized domains. These limitations motivate structured rea-

soning frameworks such as the multi-agent systems discussed next. Chapter 4 addresses the

challenge of balancing comprehensiveness with faithfulness.

2.3.2 In-Context Learning (ICL): Foundations and Implications

In-Context Learning (ICL) is an emerging capability2 in which models adapt their behavior

through natural-language instructions and a small set of demonstrations within the prompt,

2An emergent capability refers to a novel or unexpected behavior exhibited by large-scale models that was
not explicitly trained for. Such abilities often arise non-linearly, emerging only once a critical scaling threshold
in model size, training data, or compute is reached, as observed in scaling law studies [98]. Examples include
complex multi-step reasoning (e.g., Chain-of-Thought prompting) and tool use or code generation.
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without any parameter updates [1]. ICL is especially valuable in low-resource or rapidly evolving

domains, as it encodes task structure at inference time. However, its performance is highly

sensitive to demonstration selection, order, and format, and it can exhibit calibration biases

that distort prediction distributions [99].

For information-dense tasks such as QAG, plain ICL often under-explores implicit relations,

motivating additional scaffolds such as elicited reasoning, external tools, or multi-agent collabo-

ration. ICL serves as the foundational conditioning mechanism in this chapter, while subsequent

sections examine superstructures that enhance comprehensiveness (coverage of salient concepts)

and faithfulness (grounding in the source). Chapter 4 builds on ICL through structured multi-

agent coordination.

2.3.3 Single-Agent Reasoning: Elicitation, Planning, Search, and Tools

While LLMs exhibit improved reasoning when prompted to articulate intermediate steps or ag-

gregate multiple reasoning paths, structuring them as agents enables autonomous, goal-directed

decision-making through interaction with their environment, other agents, or external tools

[100]. Single-agent approaches can then be categorized along several axes: (i) reasoning elicita-

tion, (ii) explicit planning, (iii) search over intermediate states, (iv) tool use and externalized

computation, and (v) self-reflection and verification.

Chain-of-Thought (CoT) Prompting. Prompting models to generate explicit reasoning

steps enhances performance on arithmetic, commonsense, and symbolic reasoning tasks [101].

CoT converts implicit reasoning into observable token sequences, enabling models to perform

multi-hop inference that would fail under direct question–answer prompting. Zero-shot CoT

[102] further demonstrated that such reasoning behaviors can emerge from simple natural-

language triggers, such as “Let’s think step by step”.

Self-Consistency. [12] improved CoT reasoning by sampling multiple reasoning paths at a

high temperature and selecting the most frequent answer through majority voting. This ap-

proach demonstrates that marginalizing over diverse reasoning trajectories, rather than relying

on greedy decoding or single-sample CoT prompting, leads to more reliable and consistent re-

sults on well-defined tasks. The method assumes that correct answers emerge more consistently

across diverse reasoning paths than incorrect ones, an assumption that holds for well-defined

problems but may break down for subjective or ambiguous tasks.
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Planning and Search. Plan-and-Solve prompting [103] separates planning from execution,

enhancing the stability of zero-shot reasoning. Tree of Thoughts (ToT) [104] generalizes this

idea into a structured search over intermediate reasoning states, enabling backtracking and

lookahead. Graph-based extensions such as Graph of Thoughts [105] further support flexible

composition and integration of partial reasoning states. Self-Discover [106] allows models to

autonomously design their own reasoning scaffolds prior to problem solving, thereby reducing

the need for manual prompt engineering.

Tool Use and Externalization. Several approaches leverage tools or external computa-

tion to enhance reasoning and efficiency. ReAct [107] interleaves reasoning steps with tool

actions, while ReWOO [108] decouples planning from observation gathering, reducing token

usage and improving robustness. Program- or Code-of-Thoughts methods externalize compu-

tation by generating executable code or structured programs [109]. Related precedents include

Program-Aided Language Models (PAL) [110] and Toolformer [111], which learn tool policies

and calculator/function calls to offload symbolic work.

Parallel execution and structured search further improve efficiency and reasoning quality. Par-

allel function-calling compilers reduce latency and orchestration overhead by planning and exe-

cuting tool calls concurrently [112]. Language Agent Tree Search (LATS) [113] unifies planning,

acting, and search over trajectories within a single agent, bridging single-agent reasoning with

tree-based exploration.

2.3.4 Retrieval-Augmented Generation (RAG) and Grounding

A complementary strategy for improving faithfulness and mitigating hallucination involves

augmenting generation with retrieved evidence from external knowledge sources. Retrieval-

Augmented Generation (RAG), introduced for knowledge-intensive NLP tasks [114], conditions

generative models on passages retrieved from a large corpus. This paradigm grounds outputs in

verifiable sources and enables attribution, addressing key limitations in purely parametric gener-

ation. Dense retrieval forms the foundation of modern RAG systems. Dense Passage Retrieval

(DPR) [115] learns dual encoders for queries and documents through contrastive objectives,

which supports semantic retrieval via maximum inner product search. REALM [116] jointly

trains retrieval and language modeling components by treating document selection as a latent

variable. Late-interaction models such as ColBERT [117] and ColBERTv2 [118] further balance

retrieval quality and computational efficiency by computing token-level interactions only after
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initial candidate pruning. Recent work has focused on improving the reliability and controllabil-

ity of retrieval-conditioned generation. Self-RAG [95] trains models to generate special reflection

tokens that assess retrieval necessity and output quality, which enables adaptive retrieval and

self-correction. Corrective RAG (CRAG) [119] evaluates the relevance of retrieved evidence and

applies corrective strategies, including web search augmentation, for low-confidence retrievals.

RAPTOR [120] constructs hierarchical summaries over retrieved passages to capture multi-scale

semantic structure. SimRAG [121] proposes a self-training approach for domain adaptation,

where LLMs generate synthetic, domain-specific queries and high-quality QA pairs are used to

jointly fine-tune retrieval and generation. Survey work [80, 122] synthesizes these developments

across retrieval architectures, indexing strategies, and retrieval-generation interaction patterns.

RAG can enhance both comprehensiveness and faithfulness. Retrieved passages expand cover-

age of relevant concepts, while grounding in source documents mitigates hallucination. However,

RAG introduces dependencies on retrieval quality, and irrelevant or misleading evidence can ad-

versely affect generation. Context window constraints and the integration of retrieved evidence

with structured multi-agent reasoning also remain open research challenges [80].

Complementary to retrieval-augmented approaches, when documents are self-contained, Chap-

ter 4 addresses this scenario by operating under a closed-context assumption, where all relevant

information is contained within the input context.

Self-Reflection and Verifier-Augmented Reasoning. Beyond external plans and tools,

LLMs can improve reasoning through internal evaluation, critique, and feedback loops. Reflexion

[123] employs verbal reinforcement-style feedback to revise solutions, while Self-Refine [124]

iteratively critiques and improves outputs. However, these mechanisms can degrade performance

if applied indiscriminately when initial answers are already correct, underscoring the need for

calibrated control.

Verifier-augmented methods extend this idea by pairing generators with verifiers or process-

reward models (PRMs) that evaluate intermediate reasoning steps or final answers. By scoring

each step or ranking alternative reasoning chains, these approaches enable step-level validation,

error correction, and guided refinement, improving the reliability and accuracy of generated

reasoning paths [125, 126, 127, 128]. Beyond prompting-based methods, specialized instruction-

tuned or verifier-augmented models explicitly train for stepwise deliberation and verification.
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While these methods enhance individual reasoning robustness, they remain constrained by

single-agent capacity and lack explicit cross-perspective verification, gaps that are addressed

by multi-agent reasoning.

2.3.5 Multi-Agent Reasoning: Collaboration Patterns and Frameworks

Multi-agent reasoning leverages epistemic diversity and complementary expertise through role

specialization and structured interaction protocols, enabling more robust and thorough reason-

ing. Debate frameworks [10] encourage agents to critique one another, while role differentiation

enhances exploration of alternative reasoning paths [11].

General frameworks include conversational orchestration (AutoGen [129]), role-play-based co-

operation (CAMEL [130]), and procedure-driven pipelines (MetaGPT [131]). Search-centric

orchestrators such as LATS [113] bridge single- and multi-agent paradigms by exploring action

and plan trees with agent-in-the-loop evaluation.

Key design dimensions include topology (centralized vs. decentralized communication), memory

(shared buffers vs. selective retrieval), convergence mechanisms (voting, moderation, verifiers),

and diversity maintenance (role heterogeneity, sampling temperature).

Multi-Agent Debate and Role Differentiation. Multi-agent debate [10] involves multiple

LLM instances generating answers, critiquing each other, and iteratively refining their positions

until convergence or a maximum number of rounds. This process leverages reasoning diversity,

as agents explore different reasoning paths and critique weak arguments, improving accuracy

over self-consistency, particularly when initial answers are incorrect. Role specialization [11]

further increases reasoning diversity by assigning agents distinct perspectives (e.g., “skeptic”

vs. “advocate”), reducing premature convergence. However, this approach requires careful

prompt engineering to maintain roles across iterations.

Diversity vs. Convergence Trade-off. Multi-agent systems face a tension between explo-

ration and exploitation. Diversity mechanisms, such as high-temperature sampling or indepen-

dent agents, enable exploration of alternative solutions and guard against overconfidence but

may fail to reach consensus. Convergence mechanisms, including majority voting [132] or greedy

decoding, produce decisive answers but risk amplifying initial biases. Effective systems dynam-

ically balance cognitive diversity with factual alignment to optimize reasoning performance.
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Consensus and Coordination Mechanisms. Beyond debate and critique, several works

explore explicit consensus-seeking and coordination protocols. Inter-consistency through inter-

agent negotiation [133] iteratively adjusts positions to reduce disagreement. Inspired by multi-

robot collaboration, [134] examined how agent number, personality, and network topology affect

consensus in a constrained 1D space. [135] explored flocking behaviors, where agents maintain

proximity while avoiding collisions and preserving formations, demonstrating how local coordi-

nation rules can produce emergent collective behavior. These studies highlight the importance

of explicit convergence mechanisms and topological considerations in multi-agent reasoning sys-

tems. However, balancing diversity preservation with convergence in high-dimensional semantic

spaces remains an open challenge.

2.3.6 Control, Memory, and Termination

Multi-agent systems require mechanisms for managing shared context, coordinating iterative

reasoning, and determining when to terminate refinement. This subsection reviews control

structures and memory architectures that support collaborative reasoning.

Transactive Memory Systems (TMS). [136] describe how groups collectively encode, store,

and retrieve knowledge. In human teams, individuals often specialize in different knowledge do-

mains and maintain meta-knowledge of who knows what, enabling efficient distributed cognition.

[137] formalized three key TMS dimensions: specialization (differentiation of expertise among

members), credibility (trust in the expertise of others), and coordination (the team’s ability to

integrate and apply distributed knowledge effectively).

These principles provide an analogy for multi-agent LLM architectures. Agents can specialize in

different reasoning strategies, maintain meta-knowledge of which agent produced which output,

and coordinate their access to and integration of shared context [138, 139, 140].

Shared Context Management. Multi-agent LLM systems employ several strategies for

managing shared information:

� Message-passing architectures: Agents communicate via explicit message exchanges,

maintaining individual contexts while selectively incorporating outputs from others. Multi

Agent Debate (MAD) implemented this in debate frameworks, where each agent observes

the previous round’s responses from all participants [10].
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� Centralized context: All agents share access to a global memory buffer that stores every

intermediate output throughout the workflow. This design ensures complete information

availability at each step, facilitating multi-agent coordination and complex reasoning.

However, the accumulation of outputs over many iterations can risk exceeding the language

model’s context window or memory limits [129, 131, 113].

� Selective attention: Agents dynamically retrieve only the most relevant prior outputs,

leveraging semantic similarity search, embedding-based retrieval, or structured queries.

This selective approach improves scalability and efficiency, but depends on robust retrieval

and relevance-ranking mechanisms to ensure accurate context selection for each agent’s

task [107, 108, 141, 142].

Stopping Criteria and Convergence Detection. Iterative reasoning systems require prin-

cipled termination conditions to ensure efficiency and reliability: stopping too early may leave

reasoning incomplete, whereas continuing unnecessarily wastes computational resources. Com-

mon approaches include:

� Fixed iteration budgets: Run a predetermined number of refinement rounds, as used in

[124, 10]. This method offers predictable computational cost and requires no convergence

monitoring, but may stop prematurely or continue unnecessarily.

� Answer stability: Monitor whether outputs change between iterations. If consecutive

rounds produce identical or highly similar answers, convergence is assumed. For open-

ended or multi-answer tasks, similarity can be measured using embedding-based metrics

or semantic matching [143].

� Quality thresholds: Continue iterating until outputs satisfy predefined quality criteria,

such as confidence scores or validator agreement. This requires reliable estimators or

validators, which may not always be available for open-ended tasks [127, 144, 145].

� Composite criteria: Combine multiple signals. For instance, stop when either the

maximum number of iterations is reached, or answer stability is high and output meets

quality thresholds or validator agreement. This approach provides robustness against

failures of individual criteria [113, 10, 133].

Iteration Control Challenges. Determining the optimal iteration depth in iterative reasoning

systems is non-trivial. Too few iterations underutilize the system’s refinement capacity, while too
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many waste computation and risk performance degradation if agents introduce errors. Adaptive

control (adjusting iteration budgets based on task difficulty or intermediate quality signals)

remains an open problem. Additionally, as context windows fill with prior iterations, later

rounds may lose access to original inputs, further degrading performance.

This section reviewed reasoning systems from ICL foundations through single-agent methods

to multi-agent coordination frameworks. The literature evolves from elicited individual rea-

soning (CoT, self-consistency, planning) to structured multi-agent deliberation under explicit

control and memory. Key challenges for comprehensive and faithful QAG include: (i) balanc-

ing perspectival diversity with convergence to semantic alignment; (ii) formalizing transactive

memory and shared-context protocols for coordinated reasoning; and (iii) developing princi-

pled termination criteria that avoid both premature convergence and unnecessary computation.

Chapter 4 addresses these challenges through structured multi-agent coordination with explicit

convergence mechanisms and principled termination criteria.

2.4 Evaluation Without Gold: Consensus and Reliability

Having examined representation and generation, we turn to evaluation, the third pillar of se-

mantic fidelity. Specialized domains often lack gold-standard annotations, which necessitates

alternative evaluation paradigms. This section reviews LLM-based evaluation approaches and

consensus mechanisms with reliability measures, and motivates the consensus framework devel-

oped in Chapter 5.

2.4.1 LLM-as-Judge and Limitations

Traditional NLP evaluation relies on human-annotated gold standards to measure system per-

formance. However, obtaining high-quality annotations is costly and time-consuming, particu-

larly in specialized domains where expert annotators are scarce. This challenge has motivated

research into alternative evaluation paradigms.

Evaluation Paradigms Without Human Annotation. Several approaches attempt to

assess quality without human labels. Reference-free metrics evaluate quality based on intrinsic

properties of generated text. BLANC [146] measures summarization quality through language

model performance changes when using the summary as context; better summaries improve
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downstream LM performance. MAUVE [147] quantifies distributional divergence in open-ended

generation by comparing embedding distributions between generated and reference corpora.

However, calibration to human judgment varies substantially across tasks and domains.

LLM-Based Evaluators. Research has explored using LLMs as evaluators across various NLP

tasks:

� GPT-4 as evaluator [15]: Chatbot Arena used GPT-4 to judge pairwise comparisons,

reporting agreement with human preferences alongside documented biases (position, ver-

bosity, self-enhancement: preferring outputs from the same model family).

� G-Eval [148]: Rubric-then-score prompting improves correlation with human ratings on

summarization and dialogue tasks.

� Prometheus / Prometheus 2 [149, 144]: Open evaluators trained on feedback data,

reporting improved robustness as open alternatives to proprietary judges.

� AgentBench [150]: Evaluates LLMs as agents across multiple dimensions (reasoning,

planning, tool use), using model-generated assessments to rank capabilities. Results high-

light that evaluation quality depends heavily on task specification and rubric clarity.

� Open-weight evaluators: Commonly used open-weight families include Llama 3.1,

Qwen 2.5, and Gemma 3 27B (instruction-tuned) [151, 152, 153].

Limitations and Reliability Concerns. While LLM-as-judge approaches reduce annotation

costs, they introduce new challenges:

� Model-specific biases: Single-model judgments reflect training data artifacts and sys-

tematic preferences. [15] documented presentation-order effects, where judgment quality

depends on whether the superior response appears first or second. Follow-up analyses

and judge benchmarks (e.g., RewardBench [145]) further quantify brittleness and bias in

scorer models and LLM judges.

� Prompt sensitivity: Evaluation quality varies with prompt formulation, evaluation cri-

teria specificity, and output format (binary, Likert scale, natural language). Small prompt

changes can yield inconsistent judgments.
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� Lack of reliability mechanisms: Single-model evaluation provides no mechanism for

quantifying judgment reliability or consensus. Unlike human annotation studies, which

report inter-rater agreement statistics (e.g., Kappa, Alpha), LLM evaluations typically

lack reliability estimates.

� Calibration challenges: LLM confidence scores (e.g., output probabilities) correlate

poorly with judgment accuracy. Models may express high confidence in incorrect evalua-

tions.

These limitations motivate multi-model consensus approaches that aggregate judgments from

multiple evaluators, enabling reliability assessment and reducing model-specific biases.

Consensus Aggregation Methods. Several approaches aggregate judgments across multiple

models. ChatEval [132] explores voting and debate schemes among LLMs for discrete judgments,

operating on categorical labels or exact matching. While these methods demonstrate the value

of multi-model consensus, they do not integrate explicit reliability quantification, nor do they

systematically validate agreement across diverse representations for open-ended generative tasks.

2.4.2 Agreement Measures and Semantic Aggregation

Evaluating generative systems requires mechanisms for aggregating multiple judgments and

quantifying agreement reliability. We review inter-rater reliability metrics, semantic clustering

for label induction, and matching strategies for comparing generated outputs.

Inter-Rater Reliability (IRR) Metrics. IRR metrics quantify the degree of agreement

among multiple annotators, providing statistical measures that account for chance agreement.

[154] provided a comprehensive survey distinguishing between observed agreement (percentage

agreement, which ignores chance) and chance-corrected metrics:

� Cohen’s Kappa [155]: Measures agreement between two raters on nominal categories,

adjusting for expected chance agreement. Values range from -1 (perfect disagreement) to

1 (perfect agreement), with 0 indicating chance-level agreement. Kappa is widely used

but limited to two raters.

� Fleiss’ Kappa [156]: Extends Cohen’s Kappa to multiple raters, computing agreement

across all rater pairs. Requires complete annotations: all raters must judge all items.
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This assumption limits applicability when annotators evaluate different subsets or when

missing data exists.

� Krippendorff’s Alpha [157]: A generalized agreement measure that handles missing

data, arbitrary numbers of annotators, and different measurement scales (nominal, ordinal,

interval, ratio). Alpha is particularly suited for consensus assessment in LLM evaluation,

where different models may evaluate different subsets of outputs or fail to produce valid

judgments for some inputs.

Prior work has applied Krippendorff’s Alpha to LLM evaluation by computing agreement on

discrete model-generated labels [158]. While Alpha accommodates multiple measurement levels

(nominal, ordinal, interval, ratio), it is not defined for high-dimensional embeddings. This

raises a challenge for generative evaluation: how can chance-corrected IRR be assessed when

outputs lack predefined categories and semantically equivalent responses differ lexically? While

Krippendorff’s Alpha has been used for discrete labels, its application to high-dimensional

embeddings in generative evaluation remains largely unexplored. Chapter 5 addresses this

gap by extending reliability quantification to open-ended generative outputs through semantic

clustering approaches.

Semantic Clustering and Label Induction. Several clustering techniques enable grouping

generative outputs into semantic categories:

� Density-based clustering: DBSCAN [159] and HDBSCAN [160] identify clusters of

varying density without requiring predefined cluster counts. These methods mark out-

liers as noise, useful for filtering low-quality or off-topic outputs. However, performance

depends heavily on distance threshold tuning.

� Hierarchical clustering: Agglomerative clustering [161] builds a hierarchy of clusters

by iteratively merging the closest pairs. Cutting the dendrogram at different heights

yields multi-granularity clusterings. Distance thresholds control semantic specificity: low

thresholds produce fine-grained topics, high thresholds yield broad categories.

� Topic modeling: [162] explored clustering for topic discovery in dialogue using sentence

transformers with hierarchical clustering to identify latent thematic structure, demon-

strating that embedding-based clustering captures semantic relationships missed by lexical

methods.
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Once outputs are clustered, cluster assignments serve as induced labels for IRR computation.

This enables reliability assessment for generative tasks where gold labels do not exist.

Pairwise Semantic Matching. Complementing holistic clustering, pairwise semantic match-

ing compares individual outputs using strategies including soft token overlap (e.g., BERTScore)

and bipartite alignment. Soft token overlap computes token-level cosine similarity with con-

textual embeddings and aggregates soft precision, recall, and F1, giving partial credit for se-

mantically similar but lexically distinct tokens (e.g., “physician” ≡ “doctor”) [163]. Bipartite

matching enforces optimal one-to-one alignment between candidate and reference sets via the

Hungarian algorithm, preventing double counting when multiple candidates map to the same

reference [164].

Semantic Similarity Models. Semantic matching relies on dense embedding models:

� Sentence-BERT (SBERT) [141]: Optimizes BERT for semantic similarity tasks via

siamese and triplet network structures with contrastive learning. SBERT produces fixed-

size sentence embeddings suitable for efficient similarity search, achieving state-of-the-art

results on semantic textual similarity (STS) benchmarks.

� Universal Sentence Encoder (USE) [165]: Captures semantic relationships through

vector representations learned from large-scale corpora using transformer or deep averaging

network architectures.

� BGE (BAAI General Embedding) [166]: An embedding model family achieving top

performance on MTEB (Massive Text Embedding Benchmark), offering strong cross-

domain generalization.

� GTE (General Text Embeddings) [167]: An embedding model family optimized for

the expanded MTEB tasks, often used as strong off-the-shelf encoders for clustering and

retrieval.

In addition, embeddings from model families such as Llama 3.1 and Qwen 2.5 are benchmarked

on updated MTEB suites [151, 152, 168] and perform well on multilingual and semantic tasks.

Compared to the specialized encoders discussed above, these LLM-derived embeddings are larger

and more computationally demanding, making lightweight encoders easier to deploy and scale.

This highlights a trade-off between benchmark performance and deployment efficiency.
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While prior work has advanced semantic clustering with transformer embeddings, developed

multi-LLM consensus methods with reliability measures, and compared similarity metrics across

embedding models and granularities, these components have typically been evaluated in isola-

tion. Chapter 5 integrates these components into a unified evaluation methodology that com-

bines multi-model consensus with systematic validation across embedding representations and

semantic granularities.

2.5 Synthesis and Research Gaps

This chapter has surveyed foundational concepts and prior work across three pillars. Building

on this review, we now synthesize the remaining gaps. The following subsections outline each

research question, highlight the specific methodological gaps identified in Sections 2.2–2.4, and

preview how the corresponding contributions in Chapters 3–5 address them.

2.5.1 Representation: Domain-Specific Encoders

RQ1 (Chapter 3): Can adaptive loss-side weighting efficiently and robustly guide language

models to prioritize domain-specific semantics and terminology beyond uniform-loss or data-

only adaptation approaches?

Gap: Existing domain adaptation methods (Section 2.2) primarily focus on modifying input-

side masking strategies or applying static token importance scores. Prior work has not explored

loss-side token-level weighting that dynamically modulates loss contributions using adaptive

signals. Moreover, stabilization of such weighted losses in masked language modeling has not

been explicitly addressed.

→ Chapter 3 introduces AMLM, which addresses these limitations through adaptive impor-

tance weighting while ensuring training stability.

2.5.2 Reasoning: Multi-Agent Coordination for QA Generation

RQ2 (Chapter 4): Which principles and mechanisms enable automated generation of QA

pairs that are both comprehensive and faithful to technical context, particularly in settings

requiring deep engagement and multifaceted reasoning?
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Gap: Multi-agent reasoning systems (Section 2.3) tend to emphasize either diversity (e.g.,

ensemble decoding, debate) or convergence (e.g., self-consistency, critique), but lack mechanisms

to simultaneously preserve perspectival diversity while ensuring semantic alignment. Prior work

has not explored principled termination criteria that prevent both premature convergence and

unnecessary computation in multi-agent reasoning processes.

→ Chapter 4 introduces Collective Intentional Reading through Reflection and Refinement

(CIR3), which addresses these challenges by balancing perspectival diversity with semantic

alignment through structured multi-agent coordination and principled convergence mechanisms.

2.5.3 Evaluation: Consensus-Based Semantic Agreement

RQ3 (Chapter 5): How can we perform rigorous, interpretable, and reliable semantic eval-

uation of NLP systems in the absence of human-provided gold standards, leveraging semantic

consensus and reliability estimation?

Gap: LLM-as-judge approaches (Section 2.4) lack mechanisms for assessing inter-model reliabil-

ity. While semantic clustering and soft-matching methods exist, prior work has not integrated

these approaches into a unified protocol for holistic reliability assessment.

→Chapter 5 introduces a consensus-based semantic evaluation framework that establishes reli-

ability through multi-model agreement, employs complementary pairwise metrics, and validates

stability across embedding representations.

2.5.4 Semantic Fidelity as Unifying Lens

The gaps identified above, while distinct in their technical manifestations, share a common

thread: they reflect limitations in preserving semantic fidelity throughout the lifecycle of spe-

cialized domain NLP systems. Semantic fidelity (Chapter 1), the preservation of intended

meaning and relations among domain concepts, provides a unifying perspective: (i) domain

adaptation methods that treat all tokens uniformly lack mechanisms to preserve the semantic

distinctions that define specialized knowledge (Section 2.2); (ii) multi-agent reasoning systems

that emphasize either diversity or convergence, but not both, provide insufficient means to

maintain semantic faithfulness while achieving comprehensive coverage (Section 2.3); and (iii)
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evaluation approaches that rely on single-model judgments or exact lexical matching offer lim-

ited capacity to assess semantic equivalence when meaning is preserved despite surface variation

(Section 2.4).

Chapters 3–5 address these limitations through an integrated framework where semantic fidelity

serves as the organizing principle, connecting representation learning, reasoning architectures,

and evaluation methodologies for specialized domains.



Chapter 3

Adaptive Learning for Domain

Specialization: A Framework for

Modulated Masked Language

Modeling in Finance

Abstract. Specialized domains require models that capture domain-specific semantics, yet stan-

dard masked language modeling (MLM) assigns equal loss to all masked tokens, limiting emphasis

on terminology that carries disproportionate semantic weight. We introduce Adaptive Masked

Language Modeling (AMLM), a domain adaptation framework that applies token-level impor-

tance weights directly to the MLM loss function, shifting the adaptive learning paradigm from

input-side masking to output-side gradient modulation. We instantiate four weighting strategies

leveraging diverse contextual signals: sequence-level dynamics, batch composition awareness,

corpus-wide rarity, and signal fusion. To ensure robust training under skewed weight distri-

butions, we introduce stabilization mechanisms combining temperature smoothing and effective

sample size targeting. Evaluated on financial domain tasks, AMLM substantially outperforms

continued pre-training with standard MLM, improving QA matching Recall@1 by 0.231, se-

mantic similarity by 0.188, and reducing intrinsic dimensionality from 23.762 to 9.847. By

modulating token-level losses to prioritize domain-relevant terminology, AMLM improves rep-

resentational semantic fidelity in specialized domains (Chapter 1), providing a complementary

approach to existing input-side masking strategies and architectural adaptation methods.

32
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3.1 Introduction

Self-supervised pre-training, particularly through the Masked Language Modeling (MLM) objec-

tive [2], is a foundational approach in modern NLP. This paradigm has enabled the development

of powerful, general-purpose language models like BERT and RoBERTa [24]. These models ex-

cel at a wide range of tasks by learning rich linguistic representations from vast, unlabeled text

corpora [169]. However, their generalist nature often falls short in specialized domains such as

finance [7], law [56], or biomedicine [6], where the precise understanding of technical terminol-

ogy is critical for high-stakes applications. Consequently, adapting these foundational models

to specialized domains remains an important and active area of research [3, 170].

The primary methods for domain adaptation involve either pre-training a model from scratch

on a domain-specific corpus or continuing the pre-training of a general-purpose model on target-

domain data. While training from scratch can yield highly specialized models, it is often pro-

hibitively expensive in terms of data and computational resources [3]. Continued pre-training

offers a more efficient alternative [6, 7], yet it is commonly implemented with the standard MLM

objective, which treats all tokens with equal importance. This uniform treatment is a significant

limitation: in financial text, domain-specific terms like “quantitative easing” or “collateralized

debt obligation” represent a small fraction of tokens but carry disproportionate semantic weight

for understanding. The model expends equal effort learning to predict common words as these

critical domain concepts, leading to inefficient training and representations that are not fully

attuned to the nuances of the specialized domain.

Existing research has attempted to address this limitation with adaptive training schemes [8, 9].

Many of these approaches, often categorized as “importance sampling”, focus on modifying the

model’s input by developing more intelligent masking strategies [63, 25]. They use signals like

token frequency or domain relevance to decide what tokens to mask, thereby concentrating the

model’s predictive efforts on more informative parts of the text. While effective, these methods

primarily alter the distribution of the problem presented to the model, leaving the uniform loss

computation unchanged.

In this work, we introduce a different and complementary paradigm: Adaptive Masked Lan-

guage Modeling (AMLM). Instead of modifying the token masking strategy (the input),

AMLM operates on the model’s output by introducing a knowledge-guided, weighted loss func-

tion. The central hypothesis is that by dynamically modulating the learning signal based on
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token importance, the model can be guided toward learning domain-aware representations. By

amplifying the error signal for incorrect predictions on key terminology, the framework encour-

ages the model to prioritize domain-specific concepts.

Specifically, this work addresses three key research questions:

1. RQ1: Can knowledge-guided loss weighting improve financial domain adaptation by priori-

tizing domain-specific terminology during pre-training?

2. RQ2: Which contextual signals (sequence dynamics, batch composition, corpus-wide rarity)

are most suitable for identifying important domain-specific tokens during training?

3. RQ3: How can weighted loss training be stabilized to handle highly skewed importance

distributions without compromising convergence?

To address these research questions, we make the following contributions:

1. We propose AMLM, a framework that applies importance weighting directly to the MLM

loss function, shifting the focus of adaptive learning from input sampling to output-side

gradient modulation (addressing RQ1).

2. We introduce four contextual weighting strategies that leverage diverse signals of token

importance: sequence-level dynamics, batch composition awareness, corpus-wide rarity,

and fusion of sequence and corpus signals (addressing RQ2).

3. We introduce gradient stabilization techniques, including temperature smoothing, Effec-

tive Sample Size (ESS) targeting, and weight clipping, to ensure robust training under

highly skewed weight distributions (addressing RQ3).

4. We demonstrate substantial improvements on financial domain tasks while learning more

compact representations.

The remainder of this work is organized as follows. Section 3.2 provides a detailed exposition

of the AMLM framework, including the formulation of the loss function and the weighting

strategies. Section 3.3 describes the experimental setup, Section 3.4 reports the results, followed

by a concluding discussion.
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3.2 Methodology

This research introduces an adaptive training scheme for masked language models that dynam-

ically focuses on salient tokens during pre-training. Figure 3.1 provides a high-level conceptual

overview of the AMLM framework. A detailed procedural flowchart is available in Appendix

Figure A.1. This section details the theoretical underpinnings of the approach, from the baseline

MLM to the proposed AMLM and its associated weighting strategies.

Legend:
Common Path
AMLM Path
MLM Path

Input Text

1

The Fed announced quantitative easing program

MLM Masking

2

The Fed [MASK] quantitative [MASK] program

Weight Assignment

3

The

1.0

Fed

1.0

[MASK]

1.0

quantitative

4.2

[MASK]

4.2

program

1.0

Stabilization

4

Temperature Smoothing ESS Clipping

Apply Weights

5

w1 × ℓ1 + w2 × ℓ2

Loss Calculation

6

Standard MLM AMLM

LMLM = 1
2 (− logP1 + − logP2) LAMLM = 1

5.2 (1.0(− logP1) + 4.2(− logP2))

Uniform Learning Amplified Learning

Figure 3.1: Overview of Adaptive Masked Language Modeling (AMLM). Both MLM and
AMLM begin with input text ( 1 ) and standard masking ( 2 ). AMLM then assigns token-wise
importance weights to domain jargon (violet tokens; 3 ), stabilizes these weights via tempera-
ture smoothing and ESS targeting ( 4 ), applies them to per-token losses ( 5 ), and aggregates
the weighted losses ( 6 ). The MLM path (red) uses uniform, unweighted aggregation. Arrow
colors denote flow types: common (black), AMLM-specific (green), and MLM-specific (red).
Final arrows route the aggregated loss to the respective training objective boxes (Standard

MLM in red, AMLM in green).
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3.2.1 Foundation: Standard Masked Language Modeling (MLM)

This work is an extension of the MLM objective, which is the pre-training foundation for

transformer-based models such as BERT [2]. The standard MLM process involves corrupting an

input sequence X = (x1, x2, . . . , xL) by randomly replacing a subset of its tokens with a special

[MASK] token. The model is then trained to predict the original identities of these masked

tokens based on the surrounding uncorrupted context.

Formally, for a set of masked indices M , the model minimizes the negative log-likelihood of the

true tokens xi conditioned on the unmasked context X\M :

LMLM(θ) = − 1

|M |
∑
i∈M

logP (xi|X\M ; θ) (3.1)

where:

� θ represents the model parameters.

� |M | is the number of masked tokens. Normalization by |M | makes the loss comparable

across sequences.

� xi is the original token at masked position i.

� P (xi|X\M ; θ) is the predicted probability of the true token xi.

This uniform-loss approach is limited in specialized domains, motivating the adaptive formula-

tion presented next.

3.2.2 Adaptive Masked Language Modeling (AMLM)

A key limitation of the standard MLM objective is its uniform treatment of all tokens, where

every masked token contributes equally to the loss function. However, not all tokens carry

equal semantic importance. For instance, in financial reports, tokens representing economic

indicators and financial concepts are more informative than common words. To address this,

AMLM introduces a mechanism to differentially weight masked tokens. The central hypothesis

is that by focusing the model on contextually or globally significant tokens, domain-aware

representations can be learned more efficiently.
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3.2.3 The AMLM Loss Function

AMLM is operationalized through a loss weighting mechanism that guides the model to focus

on domain-specific tokens. This weighting amplifies the cross-entropy loss for domain-relevant

tokens, increasing the penalty when the model fails to predict them correctly.

Formally, this is achieved by assigning a positive weight, wi > 0, to each masked token xi.

The AMLM loss function is formulated as the weighted average of the per-token negative log-

likelihood losses:

LAMLM(θ) = −
∑

i∈M wi · logP (xi|X\M ; θ)∑
j∈M wj

(3.2)

Normalized by the total weight of masked positions, the loss is a weighted average and thus

invariant to uniform rescaling of w. Practical safeguards for rare edge cases follow the stabilized

aggregation (Section 3.2.8).

The token probability is computed from the encoder logits via a softmax over the vocabulary:

P (xi | X\M ; θ) =
exp

(
h⊤i e(xi)

)∑
x′∈V exp

(
h⊤i e(x

′)
) (3.3)

hi = Hθ(X\M )i, (3.4)

where Hθ(X\M ) is the sequence of final hidden states from the encoder, hi is the hidden state

at masked position i, e(·) is the output embedding function, and e(x′) are embeddings for all

tokens x′ in the vocabulary V. The output embeddings are tied to the input embeddings as in

BERT.

As a simple instantiation that emphasizes a marked subset of masked tokens, the weight is set

as:

wi = 1 + λsi, si ∈ {0, 1}, (3.5)

where si=1 if token i is marked by AMLM strategy and si=0 otherwise; λ>0 controls the

amplification.

This formulation is a natural extension of the standard MLM loss and has two key properties:

1. Modulated Gradient Contribution: A token’s contribution to the total loss, and

therefore to the magnitude of the gradient updates during backpropagation, is directly

proportional to its weight wi. Higher weights signal greater importance.
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2. Scale Invariance: By normalizing by the sum of the weights (
∑

wi) rather than the

count of masked tokens (|M |), the loss function becomes invariant to the absolute scale

of the weights. This ensures training stability and means the model learns from the

relative importance of tokens, not their absolute weight values1. Section 3.2.8 introduces

additional controls to further ensure stability against highly skewed weight distributions.

Having defined the conceptual basis of the AMLM objective, the following section specifies how

to identify the domain-specific tokens that the weighting scheme will emphasize.

3.2.4 Domain-Specific Token Identification

AMLM requires accurately identifying domain-relevant tokens within the corpus. This work

leverages a curated financial glossary to systematically locate and weight specialized terminology.

3.2.4.1 Glossary Construction and Encoding

Let G = {g1, g2, . . . , g|G|} denote the financial glossary, constructed from FinRAD [171, 172]

terms and containing specialized financial terminology such as “quantitative easing”, “collater-

alized debt obligation”, and “bull market.” Given a subword tokenizer T (BERT tokenizer in

this implementation) with vocabulary V, an encoding function τ : G → V∗ is defined that maps

each glossary term to its corresponding sequence of token IDs:

τ(gj) = (v
(j)
1 , v

(j)
2 , . . . , v

(j)
kj

), where v(j)r ∈ V (3.6)

Here, kj = |τ(gj)| represents the number of subword tokens required to encode term gj .

3.2.4.2 Token-Level Jargon Matching

For a given input sequence X = (x1, x2, . . . , xL) tokenized into token IDs z = (z1, z2, . . . , zL′),

jargon occurrences are identified through exact n-gram matching in token-ID space. The set of

1Normalization by |M | or
∑

wi ensures the MLM loss reflects a stable per-token metric, independent of the
number of masked tokens. Weighted AMLM loss provides flexibility to emphasize specific tokens while preserving
comparability across sequences. Standard MLM and weighted AMLM losses share the same underlying principle,
with weights simply adjusting each token’s contribution.
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glossary matches is defined as:

I(z,G) = {(i, gj) : z[i,i+kj) = τ(gj), and zr /∈ S for r ∈ [i, i+ kj)} (3.7)

where z[i,i+kj) denotes the subsequence of tokens from position i to i+ kj − 1, and S represents

the set of special tokens (e.g., [CLS], [SEP], [PAD]) that are excluded from matching.

From the match set I(z,G), a binary indicator function is derived to mark whether each token

position belongs to any matched jargon term:

IG(i) =


1, if ∃(s, gj) ∈ I(z,G) such that i ∈ [s, s+ kj)

0, otherwise

(3.8)

This indicator handles overlapping matches by taking the union of all covered positions, ensuring

that each token position is marked at most once as jargon-related.

Algorithm 1 Domain Token Identification (Aho-Corasick) - implements the matching
logic defined in Eqs. 3.7 and 3.8

Require:
1: Tokenized sequence z = (z1, z2, . . . , zL′)
2: Glossary G
3: Encoding function τ
4: Special tokens S
5: Optional: Pre-built Aho-Corasick automaton A

Ensure: Domain token indicator IG , Match set I(z,G)
6: Initialize I(z,G)← ∅
7: Initialize IG(i)← 0 for all i ∈ [1, L′]
8: if automaton A is null or empty then
9: Preprocessing: Build Aho-Corasick automaton from {τ(gj) : gj ∈ G}

10: end if
11: Scan: Traverse z with automaton A, collecting matches
12: for each match (i, gj) found by automaton do
13: Get encoded term length kj = |τ(gj)|
14: if zr /∈ S for r ∈ [i, i+ kj) then
15: Add (i, gj) to I(z,G)
16: for r = i to i+ kj − 1 do
17: Set IG(r)← 1
18: end for
19: end if
20: end for
21: return IG , I(z,G)
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2000:['to'] 1037:['a'] 13630:['negotiated']

bilateral trade3119:['trade']

10470:['auction']

1997:['of']

1024:[':']

6210:['definition'] 1010:[',']

bill of exchange

3863:['exchange']

14804:['lad']

bill of lading

2075:['##ing']
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1006:['(']

8945:['bo']

6651:['##ance']
20936:['##omi']

9226:['coin']

1006:['(']

24869:['bn']

2389:['##al']
binomial distribution4353:['distribution']

5724:['option']

binomial option pricing
20874:['pricing']

1999:['in']

bird in hand
2192:['hand']

3597:['##co']

bitcoin

2378:['##in']

bitcoin cash5356:['cash']

bitcoin mining

5471:['mining']

1997:['of']

6115:['accounts']

1006:['('] 28155:['coa']

17907:['accountant']
3361:['financial']

5075:['retirement']

1006:['(']

6187:['ca']
chartered accountant (ca)

1007:[')']

12941:['analyst']

1006:['(']

28125:['cfa']
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1006:['(']

9834:['##tel']

chattel mortgage

14344:['mortgage']
4355:['##est']

2000:['to']

8116:['deliver'] 1006:['(']

Figure 3.2: Example Aho-Corasick trie built from financial glossary terms (100 nodes shown;
Max depth = 5). Nodes represent token IDs, edges show transitions. Terminal nodes (double
circles) mark complete term matches. The trie enables linear-time multi-pattern matching over

token-ID sequences.

The domain token identification process is formalized in Algorithm 1. While a naive nested-

scan approach (Algorithm 5 in the Appendix) has complexity O(|G| × L′ × k̄), where |G| is the

glossary size, L′ the tokenized sequence length and k̄ =
∑

j |τ(gj)|
|G| is the average term length,

our implementation uses the Aho-Corasick algorithm2 [173] for efficient multi-pattern matching

2The Aho-Corasick algorithm is a classical, highly efficient method for searching multiple keywords (patterns)
in a single pass over an input text, reporting all their occurrences simultaneously and in linear time relative to the
text and pattern sizes. It is essential in NLP, compilers, DNA sequence analysis, and antivirus software, among
other applications where fast dictionary-based matching is required.
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over token-ID sequences. This enables a single-pass scan with complexity O(L′ +
∑

j |τ(gj)|)

after a one-time automaton construction.

The automaton is pre-built and cached from the tokenized glossary, preserving exact-match

semantics while reducing preprocessing overhead. Figure 3.2 shows an example of the Aho-

Corasick trie built from the financial glossary. The trie structure enables efficient multi-pattern

matching by representing all glossary terms as paths through a single automaton. This visual-

ization demonstrates how token-ID sequences are organized into a searchable tree structure.

3.2.4.3 Sequence-Level Jargon Statistics

For dynamic weighting strategies, aggregate jargon statistics are computed at both sequence

and batch levels. For a sequence X with tokenized representation z, the following definitions

apply:

cX = |I(z,G)| (jargon occurrence count, not constituent tokens) (3.9)

ρX =
cX
|z|

(jargon density) (3.10)

Note that cX counts the number of occurrences of jargon terms, not the total number of tokens

that comprise them. To avoid ambiguity from overlapping glossary terms, overlaps are resolved

by retaining only the longest matching term at any given position. For example, if the text

contains “collateralized debt obligation” and the glossary includes both “debt obligation” and

“collateralized debt obligation”, the procedure counts this as a single match for the longest

term, contributing cX = 1.

For a training batch B = {X1, X2, . . . , X|B|}, the batch-level jargon density is computed as:

ρB =

∑
X∈B cX∑
X∈B |zX |

(3.11)

These statistics enable the dynamic weighting strategies to adapt token importance based on

local contextual information, as detailed in the following section. With these indicators and

statistics in hand, they are converted next into explicit token weights wi.
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3.2.5 Contextual Weighting Strategies

The value of AMLM lies in its flexibility to accommodate various signals of token importance.

Four distinct weighting strategies are formalized and evaluated against a standard MLM base-

line. The core principle behind each strategy is to modify a baseline weight of wi = 1 by applying

a calculated “boost” to tokens identified as domain-specific jargon. This is operationalized using

the indicator function IG(i), which evaluates to 1 if the token at position i is part of a glossary

term and 0 otherwise.

3.2.5.1 Baseline MLM

As a control, this strategy applies a uniform weight to all tokens, simplifying the AMLM loss

(Equation 3.2) to the standard MLM loss (Equation 3.1).

wi = 1, ∀i (3.12)

3.2.5.2 Self-Calibrating Contrast Weights

The base contrast between jargon and background tokens is set via two hyperparameters, α and

β respectively, with 0 < β < α, both derived from the corpus-wide jargon density ρC . The base

contrast ratio is set to be inversely proportional to ρC to amplify the signal from rare jargon

terms. However, a direct inverse relationship is overly aggressive for sparse distributions, so a

self-calibrating dampening factor is introduced. The exponent is set equal to the corpus density

itself, creating a dampening mechanism that adapts to the domain’s jargon prevalence:

α

β
=

(
1

ρC

)ρC

(3.13)

A naive inverse scaling (α/β ∝ 1/ρC) would explode the contrast as jargon becomes rare,

over-amplifying noisy or ambiguous matches and destabilizing gradients. The self-calibrating

dampening, where the exponent equals the corpus density, grows the contrast sublinearly in

sparsity, preserving a clear emphasis for rare, domain-critical tokens while avoiding extreme

weight ratios. This function (1/x)x has desirable limiting behavior: when jargon is sparse (small

ρC), the large base is strongly dampened by the small exponent; when jargon is abundant (large

ρC), dampening is less needed and the contrast naturally approaches unity. Practically, this
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improves the signal-to-noise trade-off in early training and reduces the likelihood of very low

effective sample size under weighted aggregation3 (Section 3.2.8).

Having established these base hyperparameters, the four adaptive weighting strategies are pre-

sented below, each incorporating different contextual signals anchored by α and β.

3.2.5.3 Sequence-Level Jargon Density (AMLM-Seq)

This strategy adapts weights based on the local context of each sequence by defining a dynamic

boost factor that incorporates both jargon density ρX and a logarithmic scaling of the jargon

occurrence count cX . Let the boost factor be:

boostX = 1 + log(1 + cX) · ρX (3.14)

When a sequence contains no jargon (cX = 0), this factor is 1, creating a baseline weighting. As

jargon density increases, the boost factor grows, amplifying the weights for jargon tokens and

attenuating them for background tokens. This creates a dynamic contrast that focuses learning

on jargon-rich contexts:

wi =


min(α · boostX , wmax) if IG(i) = 1

max(β/boostX , wmin) otherwise

(3.15)

where α and β (with 0 < β < α) are base weights defined from corpus density as in Section 3.2.5.2

(Equation 3.13).

The logarithmic scaling of the jargon count, log(1 + cX), is crucial for several reasons. As a

compressive function, it provides diminishing returns: while the first few jargon occurrences

contribute significantly to the boost, additional occurrences provide progressively smaller in-

creases. This prevents weight explosion in jargon-heavy sequences while still rewarding jargon

density. For example, a sequence with 10 jargon occurrences receives a boost component of

log(11) ≈ 2.40, while one with 100 occurrences gets log(101) ≈ 4.61, substantial but not lin-

early explosive.

3In the financial corpus, jargon constitutes 27.8% of tokens (ρC ≈ 0.278 ≈ 1/4), so the self-calibrating formula
yields quarter-root dampening and a contrast ratio of (1/0.278)0.278 ≈ 1.38. The parameter α is anchored at
0.9 (establishing jargon as a primary learning signal) so that the derived β ≈ 0.65 remains moderate, ensuring
background tokens still contribute. This value was validated through experiments on 30,000 sequences sampled
uniformly at random with a fixed seed, where performance differences across α ∈ {0.8, 0.9, 0.975} were small.
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The clipping bounds serve as additional safeguards. The hard ceiling at wmax prevents any

outlier token from dominating the loss and causing gradient explosion. Conversely, the weight

floor at wmin ensures that background tokens always contribute to the objective, preserving

linguistic context and preventing vanishing gradients4 for non-jargon terms.

In summary, the AMLM-Seq strategy implements three key mechanisms:

1. Logarithmic scaling (log1p)5: scales the effect of the jargon count sub-linearly via

log(1 + cX), damping extreme counts while preserving useful signal.

2. Weight capping: applies a hard ceiling with min(·, wmax) to prevent any outlier from

dominating the loss or causing gradient explosion.

3. Weight flooring: applies a lower bound with max(·, wmin) so background tokens retain

non-zero influence, preserving contextual learning and stable gradients.

3.2.5.4 Batch Composition (AMLM-Batch)

This strategy extends the dynamic approach by incorporating batch composition awareness to

provide adaptive scaling across sequences with varying jargon distributions. The motivation

is to maintain consistent signal strength when some batches contain predominantly jargon-rich

sequences while others are jargon-sparse, which would otherwise lead to inconsistent gradient

magnitudes across different batches.

Let σB be the standard deviation of jargon occurrence counts across all sequences in the batch.

The square root of this standard deviation,
√
σB, serves as a composition-aware scaling fac-

tor that amplifies the dynamic effect based on batch heterogeneity while providing sublinear

dampening to prevent excessive amplification in highly diverse batches. This transformation

is analogous to the logarithmic dampening applied to jargon counts, ensuring that extreme

batch heterogeneity does not destabilize training. The design choice reflects the principle that

4The vanishing and exploding gradient problems, first analyzed in recurrent networks [174, 175], can also
affect deep Transformers. Large gradients can cause unstable updates (explosion), while small gradients can
stall learning (vanishing). While architectural elements like layer normalization[73] and residual connections[72]
provide some stability, extreme weight distributions in a loss function can still produce pathological gradients.
A classic mitigation strategy is gradient norm clipping [176, 17]. Our use of weight clipping (wmin, wmax) is a
related technique that directly bounds the contribution of any single token to the total loss, thus stabilizing the
learning signal at its source.

5The log1p function, equivalent to log(1 + x), is used for enhanced numerical precision when its argument is
close to zero.
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higher batch-level variance indicates more heterogeneous content, warranting stronger adaptive

differentiation to maintain consistent gradient signals across training steps.

The boost factor combines local sequence statistics with batch-level diversity:

boostX = 1 + log(1 + cX) · ρX ·
√
σB (3.16)

The adaptive scaling mechanism works as follows. In uniform batches where all sequences have

similar jargon counts (σB ≈ 0), the
√
σB factor approaches zero, causing the boost factor to

approach 1 regardless of individual sequence statistics. This yields uniform baseline weighting

with gentle differentiation. Conversely, in diverse batches containing both jargon-heavy and

jargon-sparse sequences (high σB), the square root amplification becomes more pronounced,

creating stronger differentiation to ensure that the diverse content receives appropriately scaled

attention. This mechanism ensures that the full magnitude of the dynamic, sequence-level ad-

justments applies only in heterogeneous batches, stabilizing gradient magnitudes across different

training steps.

Using this boost factor, the weights are computed as:

wi =


min(α · boostX , wmax) if IG(i) = 1

max(β/boostX , wmin) otherwise

(3.17)

where the clipping bounds (as defined in Section 3.2.5.3) ensure training stability.

This strategy’s key components are:

1. Dynamic foundation: inherits all three stability controls from the dynamic strategy

(logarithmic scaling, weight capping, weight flooring).

2. Batch composition awareness: computes σB to quantify the heterogeneity of jargon

distributions within each batch during training.

3. Composition-aware adaptive scaling: uses
√
σB to modulate the boost factor, pro-

viding stronger differentiation for diverse batches while remaining stable for uniform ones.

4. Signal strength consistency: automatically adjusts the weighting intensity to maintain

consistent learning signals regardless of how random batching groups sequences together.
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3.2.5.5 Corpus-Wide Rarity Using TF-IDF (AMLM-TFIDF)

This strategy adapts term frequency-inverse document frequency (TF-IDF), an established in-

formation retrieval method, to weight domain-specific tokens. The underlying principle is that

terms appearing frequently within a document but rarely across the corpus possess greater

discriminative value. For instance, a specialized term like “credit default swap” conveys more

distinctive information than a generic term like “investment”. Following the base weights α and

β from Section 3.2.5.2, the weight is defined as:

wi =


min(α · (1 + TF(t,X) · IDF(t)), wmax) if IG(i) = 1

β otherwise

(3.18)

where the components are:

TF(t,X) =
count(t,X)

|z|
(local term frequency) (3.19)

IDF(t) = log

(
|D|

df(t) + 1

)
(global rarity) (3.20)

Here, df(t) is the document frequency of term t, |z| is the tokenized length of X, and the +1

smoothing prevents division by zero. The additive constant (“1+”) in Equation 3.18 ensures

that frequent but semantically important terms (e.g., “market”) retain baseline weight α even

when IDF is low. The clipping bound (as defined in Section 3.2.5.3) prevents extreme weights.

Unlike the dynamic strategies, background tokens receive constant weight β as TF-IDF scoring

focuses exclusively on term-level corpus statistics without sequence-level modulation.

The IDF scores are pre-calculated across the entire corpus during preprocessing and stored for

efficient lookup, ensuring corpus-wide rarity statistics. TF scores are computed dynamically for

each sequence during training.

The approach combines three key mechanisms:

1. Local frequency weighting: uses TF to reward terms that appear frequently within

specific sequences, indicating topical relevance.

2. Global rarity weighting: uses IDF to substantially up-weight terms that are rare across

the corpus, emphasizing specialized terminology.
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3. Multiplicative combination: combines TF and IDF scores multiplicatively, creating

the strongest weights for locally frequent but globally rare terms.

3.2.5.6 Fusion of Sequence and Corpus Signals (AMLM-Fusion)

This strategy implements context-adaptive TF-IDF weighting, where the standard TF-IDF sig-

nal is amplified by a sequence-level density factor (boostX). The approach combines sequence-

level context with term-specific importance, creating an adaptive baseline that responds to

document technical density with fine-grained adjustments for individual terms.

The implementation follows a two-stage computational process. First, dynamic baseline weights

are calculated as in the AMLM-Seq strategy, establishing a context-aware multiplier based on

sequence-level jargon density. Let boostX = 1+ log(1+ cX) · ρX . Then, for each specific jargon

term, this baseline is modulated by the term’s TF-IDF score:

wi = min(α · boostX · (1 + TF(t,X) · IDF(t)), wmax), if IG(i) = 1 (3.21)

Background tokens receive the dynamic background weight:

wbackground = max(β/boostX , wmin) (3.22)

While boostX and TF both reflect properties of sequence X, they capture different aspects:

boostX measures overall jargon density as an aggregate signal across all jargon terms in the

sequence, while TF measures a specific term’s individual frequency. The multiplicative com-

bination creates an adaptive dynamic range: technical documents exhibit stronger weight dif-

ferentiation between rare and common terms, while casual documents exhibit more uniform

weighting, reflecting the principle that term specificity matters more in specialized contexts.

This hierarchical approach creates four distinct weighting regimes based on sequence context

(boostX) and term rarity (IDF):

(1) Globally rare terms (high IDF) in jargon-dense sequences (high boostX) receive maximum

attention.

(2) Globally common terms (low IDF) in jargon-dense sequences (high boostX) receive mod-

erate amplification.
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(3) Globally rare terms (high IDF) in jargon-sparse sequences (low boostX) receive moderate

TF-IDF weighting.

(4) Globally common terms (low IDF) in jargon-sparse sequences (low boostX) receive mini-

mal attention.

For example, a highly specialized term like “collateralized debt obligation” (high IDF) appear-

ing in a technical financial document (high boostX) would receive the product of its context

amplification and global rarity signal, creating the strongest possible learning emphasis.

This fusion strategy relies on four key mechanisms:

1. Hierarchical two-stage computation: first establishes a sequence-level context multi-

plier (boostX), then applies term-specific TF-IDF refinement for fine-grained control.

2. Multiplicative amplification: uses product rather than sum to create adaptive base-

lines where term importance is modulated by document technicality.

3. Multi-granularity signals: combines aggregate sequence-level jargon density with indi-

vidual term-level frequency and corpus-wide rarity, maximizing differentiation.

4. Computational complexity: represents the most expensive strategy as it combines the

sequence-level boost computation from AMLM-Seq with the per-term TF-IDF calculations

from AMLM-TFIDF, providing the most nuanced weighting.

By comparing the performance of models trained with these different strategies, the analysis

aims to uncover which signals of importance are most beneficial for learning high-quality rep-

resentations in the target domain. To support these weighting schemes in practice, a training

configuration is adopted that maximizes contextual coherence and stability.

3.2.6 Single Sequence Without Next Sentence Prediction

As demonstrated by [25], using single input sequences without the Next Sentence Prediction

(NSP) objective yields superior performance compared to BERT’s original two-segment ap-

proach. This design choice is particularly beneficial for domain adaptation for two key reasons:

(1) single-sequence training leverages longer contexts, enabling better capture of domain-specific
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relationships and terminology, and (2) it eliminates noise in MLM predictions that can arise

from potentially unrelated conditioning contexts across segment boundaries.

Given the technical and interconnected nature of financial discourse, where understanding often

depends on extended context, this single-sequence approach is adopted. Training uses full-length

sequences rather than two concatenated half-segments, maximizing the contextual information

available for learning domain-specific representations. This configuration is especially advan-

tageous for the AMLM weighting strategies, as they can operate on coherent, single-domain

sequences where jargon terms appear in their natural linguistic and semantic contexts.

The following section details the practical implementation of the AMLM objective that realizes

these weights efficiently and stably.

3.2.7 Weighted Loss Aggregation

To practically implement the AMLM loss function described in Equation 3.2 within modern deep

learning frameworks such as PyTorch, a specific computational strategy is required. A direct

application of the standard CrossEntropyLoss module is insufficient, as its default behavior is

to compute the mean loss over all elements in a batch, which conflicts with the need to apply

custom per-token weights.6

The implementation consists of two custom components: AMLMDataCollator for handling token

weights during batch preparation, and AMLMTrainer for computing the weighted loss function.

The training process follows a two-stage approach within each batch:

1. Disaggregated Loss Calculation: We first compute the raw, un-aggregated cross-

entropy loss for every individual token in the batch. This is achieved by initializing the

cross-entropy loss function with no reduction7. This configuration overrides the default

averaging behavior and returns a loss tensor with dimensions (batch size, seq len),

where each element represents the loss for the corresponding token. The model’s logits

undergo tensor reshaping for efficient computation:

Z ∈ RB×S×V → Z′ ∈ R(B·S)×V (3.23)

6https://docs.pytorch.org/docs/stable/generated/torch.nn.CrossEntropyLoss.html
7CrossEntropyLoss(reduction=’none’) instead of the default ’mean’, which averages losses uniformly.

https://docs.pytorch.org/docs/stable/generated/torch.nn.CrossEntropyLoss.html
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where B is batch size, S is sequence length, V is vocabulary size, and Z denotes the logits

tensor. The logits are then reshaped back to align with the token weights. For tokens

that were not masked (conventionally assigned a label of −100), the framework correctly

assigns a loss of zero.

2. Manual Weighted Aggregation: With the per-token losses available, we perform a

stabilized weighted aggregation to compute the final batch loss. The simple weighted av-

erage from Equation 3.2 provides the conceptual basis, but to ensure robust training in the

presence of highly skewed weight distributions, we implement the full procedure described

in Section 3.2.8. This involves applying temperature smoothing and ESS targeting to the

raw weights before computing the final weighted sum of the per-token losses.

Removing the mean reduction from the loss unlocks the ability to move from a standard,

uniform-loss paradigm to a more flexible, weighted-loss as in AMLM. The implementation pro-

vides the necessary granularity to apply fine-grained, adaptive pressure during training while

maintaining computational efficiency through vectorized operations and careful tensor manage-

ment. The procedure is agnostic to the particular choice of token weights wi, allowing different

weighting schemes to be integrated with the stabilization controls in Section 3.2.8.

Computational Overhead: AMLM introduces minimal overhead compared to standard

MLM. The primary cost is a one-time preprocessing step for domain token identification, which

is cached after the first run using the pre-built Aho-Corasick automaton. During training, the

additional operations (weight retrieval, temperature smoothing, ESS computation) are O(|M |)

where |M | is the number of masked tokens per batch, making them negligible compared to the

transformer forward pass which dominates at O(B · S2 · d) for self-attention, where B is batch

size, S is sequence length, and d is model dimension.

Memory Requirements: The main memory overhead comes from storing pre-computed token

weights for each sequence in the dataset. For a dataset of N sequences with average length L,

this requires O(N × L) additional storage. For our dataset of 781,000 sequences with average

length 320 tokens, this amounts to approximately 0.8GB when stored as FP16 (781,000 × 320

× 2 bytes), which is manageable for most modern training scenarios.



Adaptive Masked Language Modeling 51

3.2.8 Stabilization Mechanisms for Weighted Loss Training

To ensure robust training under highly skewed weight distributions, we introduce two lightweight

mechanisms: temperature smoothing [177] and Effective Sample Size8 (ESS) targeting [178,

179]. These controls preserve the AMLM objective’s scale invariance while mitigating excessive

concentration of weight mass on a few tokens, thereby maintaining stable gradient magnitudes

without compromising the adaptive weighting scheme.

3.2.8.1 Temperature Smoothing

After computing and clipping raw token weights wi ∈ [wmin, wmax], we apply a temperature

transform9 to reduce skew before normalization, a technique analogous to its use in knowledge

distillation for softening probability distributions [77]:

wi ← w
1/τ
i , τ > 1 (3.24)

Larger τ (e.g., τ ∈ [1.2, 2]) flattens the distribution, and τ = 1 recovers the original weights.

3.2.8.2 Effective Sample Size (ESS) Targeting

After temperature smoothing reduces tail skew, we enforce per-step stability by targeting the

ESS over the masked tokens M in the current mini-batch.

Let w̄i denote normalized weights and N = |M | the number of masked tokens. We compute the

ESS:

w̄i =
wi∑

j∈M wj
, S2 =

∑
i∈M

w̄2
i , ESS =

1

S2
(3.25)

The ESS can be intuitively understood as the number of unweighted samples an equivalent

weighted sample represents. For example, if ESS = 5 for a batch of 100 masked tokens, the

weighted sample is equivalent to having only 5 unweighted samples (the batch loss is dominated

8A classic metric from importance sampling.
9Temperature smoothing applies a monotonic, model-agnostic compression wi ← w

1/τ
i to flatten target weights

before normalization, preserving ranking and improving stability. Focal loss [68] instead reweights the per-
token loss by (1 − pt)

γ based on model confidence, downweighting easy tokens and emphasizing hard ones.
Thus, smoothing calibrates targets while focal concentrates learning. The two are complementary. AMLM’s
modular design permits optional extensions such as focal-style modulation, which would reweight tokens based
on prediction confidence to further emphasize hard examples. See Appendix A.3 for discussion of how such
confidence-based weighting could integrate with AMLM contextual strategies.
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by a few highly-weighted tokens), indicating extreme concentration that increases gradient vari-

ance and can hinder stable convergence.

To prevent excessive concentration, we mix the normalized weights with the uniform distribu-

tion10 to meet a minimum ESS target Emin = κ · N with κ ∈ [0.3, 0.5]. Choosing κ in this

range retains roughly 30-50% of the masked-token mass, balancing gradient variance reduction

with the intended adaptive emphasis. If ESS(w̄) ≥ Emin, we retain w̄ unchanged (i.e., λ=1);

otherwise, we form the mixture:

w̃i = (1− λ)
1

N
+ λ w̄i, λ ∈ [0, 1] (3.26)

The squared ℓ2 norm of the mixture is:

∑
i

w̃2
i =

1

N
+ λ2

(
S2 − 1

N

)
, (3.27)

so enforcing ESS(w̃) ≥ Emin yields the bound:

λ ≤

√√√√ 1
Emin

− 1
N

S2 − 1
N

(3.28)

When ESS(w̄) < Emin, this upper bound lies in [0, 1], and setting λ to the bound attains

ESS(w̃) = Emin. To alter the original weight distribution as little as possible, we select the

maximal mixing factor λ that satisfies this bound, corresponding to the minimal intervention

required to achieve the target ESS. When the original ESS already exceeds the target, the bound

yields λ ≥ 1 and we simply take λ=1 (no mixing).

With the final mixed weights w̃, the stabilized batch loss is computed as the weighted sum of

per-token negative log-likelihoods ℓi over masked positions11:

Lstable
AMLM(θ) =

∑
i∈M

w̃i ℓi, ℓi = − logP (xi | X\M ; θ) (3.29)

This procedure replaces the original loss computation in Equation 3.2 with a more robust ob-

jective that maintains stable gradient magnitudes while allowing AMLM to emphasize salient

10This approach is conceptually similar to label smoothing [180], which mixes one-hot targets with a uniform
distribution to regularize the model.

11Implementation safeguards: batches with no masked tokens (|M |=0) are skipped; if post-processed weights
yield

∑
i∈M wi=0, the sample is skipped; if the sum is positive but numerically tiny, an ε-guard is applied during

normalization (e.g., 10−12 FP32, 10−6 FP16).
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Algorithm 2 AMLM Training Loop with Stabilized Loss

Require:
1: Corpus D
2: Glossary G
3: Strategy S
4: Model θ (initialized from pre-trained checkpoint)

Ensure: Trained model θ∗

5: Preprocessing Phase:
6: Encode glossary terms: τ(gj) for all gj ∈ G
7: Calculate IDF scores: IDF← calculate idf(D,G) (if needed)
8: for each sequence X ∈ D do
9: Tokenize sequence: z← tokenize(X)

10: Identify domain tokens: I, IG ← Algorithm 1(z,G, τ,S)
11: Calculate weights: w← S(z, I, IG , IDF)
12: Store weights in cached dataset
13: end for
14: Training Phase:
15: for each training batch B do
16: Apply MLM masking: (Xmasked,Y,M)← mlm mask(B)
17: Retrieve pre-computed weights: W← get weights(B,S)
18: Forward pass: P← fθ(Xmasked)
19: Compute per-token losses: ℓ← CrossEntropy(P,Y, reduction=’none’)
20: Stabilize weights: W̃← Stabilize(W, τ, κ) (temperature smoothing + ESS targeting)
21: Compute final loss: L ←

∑
i w̃iℓi

22: Update model: θ ← θ − η∇θL (with learning rate scheduling)
23: end for
24: return θ∗

tokens. The stabilization controls12 jointly limit high-variance stochastic gradients while pre-

serving relative importance: clipping bounds per-token influence, temperature smoothing com-

presses the weight distribution tail without destroying ordering, and ESS targeting guarantees

a floor on effective sample size. Empirically this yields smoother loss traces and reduced gener-

alization gaps (see Figure 3.4) without requiring smaller learning rates.

The training process then minimizes the expected value of this stabilized loss over the data

distribution:

min
θ

EX,M [Lstable
AMLM(θ)] (3.30)

where the expectation is taken over input sequences X and random masking patterns M . Op-

timization uses AdamW [181], with linear warmup followed by a linear decay learning rate

schedule [16, 182]. The complete AMLM training procedure is formalized in Algorithm 2.

12Empirical analysis finds τ ∈ [1.2, 2.0], κ ∈ [0.3, 0.5], wmin=0.1, and wmax=10 to be robust defaults. Larger
τ and κ provide stronger smoothing when weight skew is extreme (e.g., jargon-dense batches). These controls
retain AMLM’s scale invariance while constraining distributional skew, stabilizing convergence without diluting
emphasis on salient tokens.
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3.3 Experiments

To evaluate the AMLM framework, experiments measure the quality of learned text embeddings.

The evaluation spans intrinsic and extrinsic tasks probing semantic coherence, clustering qual-

ity, and QA matching. This section describes the dataset and preprocessing, the pre-training

configuration, and the evaluation methodologies.

3.3.1 Training Dataset and Preprocessing

A specialized financial corpus was curated by combining four publicly available datasets:

1. NASDAQ News [183]: Financial news articles covering stock markets, companies, and

economic events.

2. Earnings Calls [184]: Transcripts of quarterly earnings calls, including executive state-

ments and analyst QA.

3. Financial Alpaca [185]: Short instruction-following texts and sentiment-labeled QA

pairs from financial datasets.

4. Finbro [186]: Financial instruction-following dataset with concise explanations and ex-

amples.

3.3.1.1 Preprocessing and Segmentation

All texts were tokenized using the bert-base-uncased WordPiece tokenizer. Each document

was split into segments using a sliding window13 approach with the parameters detailed in

Table 3.1. The dataset composition across different sources is shown in Table 3.2.

The financial glossary, used for identifying domain-specific terms, contains over 13,000 terms

extracted from FinRAD14 [171], covering a wide range of financial terminology from basic con-

cepts (e.g., “interest rate”, “dividend”) to specialized instruments (e.g., “credit default swap”),

ensuring broad coverage of domain-specific vocabulary.

13The sliding window ensures overlapping context for MLM and preserves multi-sentence reasoning.
14https://huggingface.co/datasets/sohomghosh/FinRAD_Financial_Readability_Assessment_Dataset

https://huggingface.co/datasets/sohomghosh/FinRAD_Financial_Readability_Assessment_Dataset
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Table 3.1: Preprocessing Parameters and Statistics

Parameter / Statistic Value

Segment length 128–512 tokens (avg 320)
Sliding window stride 128 tokens (∼40% overlap)
Total segments generated 781,000
Validation split 5% (39,050 segments)
Training split 95% (742,950 segments)
Total tokens (all segments) ∼249,920,000
Average tokens per segment 327

Table 3.2: Dataset Statistics and Segmentation

Source Segments Generated Dataset Ratio

NASDAQ News 400,000 0.51
Earnings Calls 250,000 0.32
Financial Alpaca 50,000 0.07
Finbro 80,000 0.10
Total (after sampling) 781,000 1.00

3.3.2 Experimental Setup

We compare the four proposed dynamic AMLM weighting strategies against a standard MLM

baseline under a unified pre-training setup on the financial corpus. All models share identical

data preprocessing, tokenization, and train/validation splits to ensure a controlled comparison.

3.3.2.1 Pre-training Configuration

All experiments initialize from the official bert-base-uncased checkpoint. We train five mod-

els in total: a standard MLM Baseline and four AMLM variants, as defined in Section 3.2.5:

AMLM-Seq, AMLM-Batch, AMLM-TFIDF, and AMLM-Fusion.

The training configuration is kept constant across runs (Tables 3.3-3.4). We train for up to 11

epochs with early stopping on validation loss (patience 2) and report results from the check-

point attaining the lowest validation loss (e.g., epoch 9). A single global seed (42) is used across

Python/NumPy/PyTorch via transformers.set seed(42). cuDNN is set to deterministic

mode (deterministic=True, benchmark=False), and DataLoader workers are seeded. Hard-

ware/software specifications and training-time details appear in Appendix A.9. Reproducibility

controls are summarized in Appendix A.10.
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Table 3.3: Pre-training Hyperparameters

Parameter Value

Base Model bert-base-uncased

Optimizer AdamW (betas [0.9, 0.999], ϵ = 1× 10−8)
Learning Rate 2e-5

Learning Rate Schedule
Linear warmup (0 → 2e-5, 1,500 steps)
Linear decay (2e-5 → 0)

Warmup Steps 1,500
Training Epochs 11 (with early stopping, patience 2 epochs)
Train Batch Size (per device) 16
Gradient Accumulation Steps 16
Effective Batch Size 256
Steps per Epoch ∼3,066
MLM Probability 0.15
Mixed Precision (FP16) Yes
Weight Decay 0.01
Logging Steps 100
Evaluation Steps 500
Save Steps 1,000
Segment Length (tokens) Variable: 128–512 (avg 320)
Sliding Window Stride 128 tokens (∼40% overlap)

Table 3.4: AMLM Weighting and Stabilization Hyperparameters. The value for β is derived
via Equation 3.13.

Parameter Value

Base jargon weight (α) 0.9
Background weight (β) 0.65
Weight floor (wmin) 0.3
Weight cap (wmax) 10.0
Temperature (τ) 1.5
ESS target ratio (κ) 0.4

We fix the tokenizer, corpus and splits, optimizer (AdamW), learning rate and schedule, batch

sizing and accumulation, weight decay, mixed precision, and all RNG seeds. The sole experi-

mental variable is the loss-weighting strategy.

3.3.3 Evaluation Protocol

We evaluate learned embeddings without downstream fine tuning to assess intrinsic and extrinsic

semantic capabilities. Evaluations use the FinLang/investopedia-embedding-dataset15,

TheGoldmanEncyclopedia16, and SmoothNLPNews17. For each model, we extract last

15https://huggingface.co/datasets/FinLang/investopedia-embedding-dataset
16https://huggingface.co/datasets/FinanceMTEB/TheGoldmanEncyclopedia-en
17https://huggingface.co/datasets/FinanceMTEB/SmoothNLPNews

https://huggingface.co/datasets/FinLang/investopedia-embedding-dataset
https://huggingface.co/datasets/FinanceMTEB/TheGoldmanEncyclopedia-en
https://huggingface.co/datasets/FinanceMTEB/SmoothNLPNews
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layer embeddings with mean pooling18. Embeddings are L2 normalized and compared using

cosine similarity. Stochastic procedures (e.g., k-means) are repeated three times with different

seeds and reported as means. Other evaluations are deterministic for a fixed model.

3.3.3.1 Semantic Similarity

We assess semantic alignment on the 22,940 QA pairs from the Investopedia dataset, comparing

model-generated similarity scores to reference scores from bge-large-en-v1.519, a strong base-

line with strong cross-domain generalization. Performance is measured with correlation metrics

(Pearson’s r, Spearman’s ρ, Kendall’s τ) and calibration error metrics (MSE, MAE). Rank-

based correlations are used to evaluate the monotonic agreement (whether a model correctly

orders the similarity of pairs), which is a more robust indicator of semantic understanding than

linear correlation alone. We report 95% confidence intervals to assess statistical significance,

reflecting metric stability on the dataset. Metric definitions are provided in Appendix A.4.

Chapter 5 further examines the alignment between AMLM-Fusion and BGE-Large as part of

the cross-encoder robustness analysis.

3.3.3.2 Embedding Space Analysis

We analyze the intrinsic geometric properties of the learned representations on the 45,880 In-

vestopedia embeddings. This analysis focuses on:

� Intrinsic Dimensionality: The estimated dimensionality of the embedding manifold (kNN-

MLE), reflecting representational complexity. Lower values indicate more compressed, spe-

cialized representations [187].

� Cluster Validity: The natural clustering tendency of the space, measured via the Davies-

Bouldin Index [188] (lower is better) and Calinski-Harabasz Score [189] (higher is better)

without ground-truth labels.

Formal definitions are provided in Appendix A.5.

18We compare CLS, mean, and max pooling. Mean pooling performs best and is used for all reported results.
19https://huggingface.co/BAAI/bge-large-en-v1.5

https://huggingface.co/BAAI/bge-large-en-v1.5
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3.3.3.3 Financial QA Matching

We evaluate retrieval performance on three question-answer matching benchmarks: Investo-

pedia, TheGoldmanEncyclopedia, and SmoothNLPNews. For each query, the task is to

retrieve its corresponding answer from the full answer corpus of that dataset. Performance is

measured with standard information retrieval metrics:

� Recall@K: The fraction of queries where the correct answer is in the top-K results (K ∈

{1, 5, 10}).20

� Mean Reciprocal Rank (MRR): The average reciprocal rank of the correct answer. In

this single-positive setting, MRR is equivalent to Mean Average Precision (MAP).

� nDCG@10: Normalized Discounted Cumulative Gain at K=10, which rewards correct items

ranked higher.

Formal metric definitions are provided in Appendix A.6.

3.4 Results

This section presents the empirical results of the experiments. Performance on semantic sim-

ilarity is analyzed first, followed by an intrinsic analysis of the embedding space focusing on

representational efficiency. The section concludes with the strongest results on the QA matching

benchmarks, where the benefits of the AMLM framework are most pronounced.

The evaluation compares the four AMLM variants against a standard MLM baseline BERT-MLM-CP

(Continued Pre-training). The results demonstrate that AMLM achieves notable improvements

in semantic understanding and representational efficiency, with some trade-offs in geometric

clustering properties that reflect the method’s focus on semantic rather than geometric opti-

mization.
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Figure 3.3: Training and validation cross-entropy loss over epochs for the AMLM variants
and the BERT-MLM-CP baseline. Shaded areas represent generalization gaps. Annotated minima

indicate selected checkpoints for evaluation.

3.4.1 Training Dynamics and Model Convergence

Figure 3.3 shows train and validation cross-entropy over 11 epochs for the BERT-MLM-CP base-

line and four AMLM variants. All models converge stably with steadily decreasing losses.

The AMLM variants, especially AMLM-Fusion and AMLM-TFIDF, reach lower validation minima

and exhibit comparable or smaller generalization gaps than the baseline, indicating improved

generalization. The annotated minima indicate the selected checkpoints for evaluation (e.g.,

AMLM-TFIDF 1.017 at epoch 10 vs. BERT-MLM-CP 1.119 at epoch 9). These dynamics motivate

the downstream comparisons that follow.

In model comparison tables, the best mean per metric is shown in bold and the second-best

is underlined. 95% confidence intervals are reported in brackets but not emphasized. Ablation

tables report settings without emphasis.

20In a single-positive retrieval task, Precision@K is less informative, as it simplifies to 1/K for a successful
retrieval and 0 otherwise. Recall@K directly measures the success rate and is therefore the more appropriate
metric.
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3.4.2 Semantic Similarity

As shown in Table 3.5, all AMLM variants notably outperform the MLM baseline on correlation-

based metrics. The best-performing model, AMLM-Fusion, achieves the highest Pearson (0.914)

and Spearman (0.873) correlations, reflecting stronger alignment with the reference ranking.

While AMLM-Seq shows the best calibration with the lowest MSE (0.008) and MAE (0.072),

the primary goal is capturing relative semantic ordering, for which correlation metrics are most

informative.

Table 3.5: Semantic Similarity Evaluation Results (N=22,940 pairs). Correlations computed
using mean pooling, L2 normalization, and cosine similarity. 95% confidence intervals reported

in brackets. See Appendix A.4 for detailed methodology.

Model Pearson [95% CI] ↑ Spearman [95% CI] ↑ Kendall [95% CI] ↑ MSE ↓ MAE ↓
BERT-MLM-CP 0.726 [0.720, 0.732] 0.650 [0.642, 0.658] 0.467 [0.460, 0.474] 0.011 0.081

AMLM-Fusion 0.914 [0.912, 0.916] 0.873 [0.869, 0.877] 0.693 [0.689, 0.698] 0.014 0.082
AMLM-Batch 0.892 [0.889, 0.894] 0.858 [0.854, 0.862] 0.671 [0.666, 0.675] 0.014 0.085
AMLM-Seq 0.879 [0.876, 0.882] 0.830 [0.825, 0.834] 0.640 [0.635, 0.645] 0.008 0.072
AMLM-TFIDF 0.869 [0.866, 0.872] 0.825 [0.820, 0.829] 0.633 [0.628, 0.637] 0.020 0.126

3.4.3 Embedding Space Analysis

The intrinsic geometric properties of the learned representations are analyzed to assess both

efficiency and structural characteristics of domain-specific learning. An interesting finding (Ta-

ble 3.6) is that AMLM reduces the manifold’s intrinsic dimensionality (kNN-MLE) from 23.762

to 9.847 compared to the MLM baseline, indicating that the framework guides the model to

learn more compressed and specialized representations of the financial domain.

Table 3.6: Embedding Space Analysis Results (N=45,880 embeddings). Embeddings com-
puted via mean pooling. K-means uses K equal to the number of ground-truth topics. Intrinsic
dimensionality estimated via kNN-MLE. Lower Davies–Bouldin and higher Calinski–Harabasz

indicate better cluster structure.

Model Intrinsic Dim ↓ Davies–Bouldin ↓ Calinski–Harabasz ↑
BERT-MLM-CP 23.762 3.506 2583.864

AMLM-Fusion 13.353 5.725 934.545
AMLM-Batch 13.643 5.350 1098.210
AMLM-Seq 11.679 5.091 1250.716
AMLM-TFIDF 9.847 5.695 1082.656

The cluster validity metrics reveal an interesting trade-off between manifold structure and cluster

geometry. While the MLM baseline achieves tighter, more separated clusters (lower Davies–

Bouldin, higher Calinski–Harabasz), AMLM learns more compact manifolds with lower intrinsic
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dimensionality. The reduction from 23.762 to 9.847 effective dimensions indicates that AMLM

represents the financial domain in a lower-dimensional subspace. This manifold specialization

comes at the cost of geometric cluster separation: AMLM prioritizes organizing representations

by semantic similarity rather than forming tight, separated clusters. This trade-off aligns with

AMLM’s superior performance on semantic similarity and QA matching tasks, where semantic

coherence matters more than cluster geometry.

3.4.4 Financial QA Matching

The financial question-answer matching task is where the benefits of AMLM are most pro-

nounced. As shown in Tables 3.7–3.9, all AMLM variants consistently outperform the MLM

baseline across all three benchmarks. On the Investopedia dataset, the AMLM-Fusion model

achieves a Recall@1 of 0.424 and an MRR of 0.591, notably outperforming the MLM baseline.

Table 3.7: Financial QA Matching Results on the Investopedia dataset (N=22,940 QA pairs).
Scores represent the ability to match questions to their corresponding answers. In this single-
positive retrieval task, only Recall@k, MRR, and nDCG@10 are reported (Precision@k equals

Recall@k; MAP equals MRR).

Model Recall@1 ↑ Recall@5 ↑ Recall@10 ↑ MRR ↑ nDCG@10 ↑
BERT-MLM-CP 0.193 [0.188, 0.198] 0.433 [0.426, 0.439] 0.485 [0.479, 0.491] 0.308 [0.303, 0.313] 0.346 [0.341, 0.351]

AMLM-Fusion 0.424 [0.417, 0.430] 0.771 [0.766, 0.776] 0.806 [0.801, 0.811] 0.591 [0.586, 0.596] 0.642 [0.637, 0.647]
AMLM-Batch 0.402 [0.396, 0.408] 0.767 [0.762, 0.773] 0.802 [0.796, 0.807] 0.577 [0.573, 0.582] 0.631 [0.627, 0.636]
AMLM-Seq 0.385 [0.379, 0.391] 0.734 [0.728, 0.739] 0.769 [0.764, 0.774] 0.553 [0.548, 0.558] 0.605 [0.600, 0.610]
AMLM-TFIDF 0.391 [0.384, 0.397] 0.748 [0.742, 0.753] 0.782 [0.776, 0.787] 0.563 [0.558, 0.568] 0.615 [0.611, 0.620]

Table 3.8: Financial QA Matching Results on TheGoldmanEncyclopedia dataset (N=1,514
QA pairs). Scores represent the ability to match questions to their corresponding answers.

Model Recall@1 ↑ Recall@5 ↑ Recall@10 ↑ MRR ↑
BERT-MLM-CP 0.025 [0.018, 0.033] 0.108 [0.092, 0.124] 0.151 [0.131, 0.170] 0.074 [0.064, 0.083]

AMLM-Fusion 0.168 [0.149, 0.186] 0.505 [0.480, 0.530] 0.598 [0.571, 0.623] 0.322 [0.304, 0.339]
AMLM-Batch 0.143 [0.126, 0.161] 0.399 [0.374, 0.424] 0.500 [0.473, 0.525] 0.265 [0.248, 0.283]
AMLM-Seq 0.127 [0.110, 0.144] 0.374 [0.350, 0.399] 0.482 [0.455, 0.507] 0.248 [0.232, 0.265]
AMLM-TFIDF 0.127 [0.110, 0.145] 0.375 [0.351, 0.400] 0.464 [0.438, 0.489] 0.244 [0.227, 0.260]

Table 3.9: Financial QA Matching Results on the SmoothNLPNews dataset (N=9,990 QA
pairs). Scores represent the ability to match questions to their corresponding answers.

Model Recall@1 ↑ Recall@5 ↑ Recall@10 ↑ MRR ↑
BERT-MLM-CP 0.000 [0.000, 0.001] 0.001 [0.000, 0.002] 0.003 [0.002, 0.004] 0.003 [0.003, 0.003]

AMLM-TFIDF 0.050 [0.046, 0.054] 0.161 [0.154, 0.168] 0.203 [0.196, 0.211] 0.105 [0.101, 0.110]
AMLM-Fusion 0.045 [0.041, 0.049] 0.145 [0.139, 0.152] 0.188 [0.180, 0.196] 0.097 [0.092, 0.101]
AMLM-Batch 0.010 [0.008, 0.012] 0.049 [0.045, 0.053] 0.083 [0.078, 0.089] 0.035 [0.032, 0.037]
AMLM-Seq 0.033 [0.030, 0.037] 0.102 [0.096, 0.108] 0.133 [0.126, 0.140] 0.070 [0.066, 0.074]
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This performance indicates that AMLM models better capture the semantic relationships be-

tween financial questions and their corresponding answers, reflecting improved financial-domain

understanding.

3.4.5 Ablation: Training Stabilization

To assess the impact of the stabilization mechanisms (temperature smoothing and ESS tar-

geting), we conduct an ablation study on AMLM-Fusion, the best-performing strategy. For

comparability, results are reported at each setting’s best validation checkpoint (epoch 6 without

stabilization; epoch 9 with stabilization). Stabilization substantially improves correlation-based

semantic similarity metrics (Table 3.10) and QA matching effectiveness (Table 3.11).

Table 3.10: Effect of training stabilization on Semantic Similarity (N=22,940 pairs). Higher
is better for correlations; lower is better for error metrics.

Setting Pearson ↑ Spearman ↑ Kendall ↑ MSE ↓ MAE ↓
With Stabilization 0.914 0.873 0.693 0.014 0.082
Without Stabilization 0.733 0.660 0.475 0.010 0.078

Table 3.11: Effect of training stabilization on Financial QA Matching (Investopedia). Higher
is better for all metrics.

Setting Recall@1 ↑ Recall@5 ↑ Recall@10 ↑ MRR ↑ nDCG@10 ↑
With Stabilization 0.424 0.771 0.806 0.591 0.642
Without Stabilization 0.311 0.559 0.611 0.430 0.469
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taining efficiency.
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Stabilization yields large, consistent gains. For semantic similarity, correlations increase notably

(e.g., Pearson +0.181; Table 3.10), with a modest rise in calibration error (MSE/MAE). Because

downstream retrieval emphasizes rank fidelity and our similarity labels are proxy-derived, we

prioritize correlation gains and view the calibration trade-off as acceptable. For uncertainty

reporting and methods, see Appendix A.4. On Investopedia QA matching, Recall@1 improves

by +0.113 and MRR by +0.161 (Table 3.11), indicating sharper ranking of correct answers.

Figure 3.4 (τ=1.5, κ=0.4) compares the best validation checkpoints (epoch 6 without vs. epoch 9

with stabilization) and shows systematically lower validation loss and a reduced generalization

gap under stabilization, mirroring the improvements observed in downstream metrics. Through-

put is comparable across settings: samples/s and steps/s are similar, and total runtime differs

marginally. Reported throughput values are single-run point estimates from the same runs that

produced the loss curves (hardware in Appendix A.9).

3.5 Discussion

AMLM-Fusion exemplifies AMLM’s core principle by combining local sequence context with

global corpus rarity. The multiplicative fusion creates a product-of-experts effect: tokens that

are both contextually salient and globally discriminative receive exponentially higher learning

signals. This steers representations toward domain-critical subspaces, explaining the observed

intrinsic dimensionality reduction without architectural changes.

Stabilization mechanisms ensure robust training under skewed weight distributions. Temper-

ature smoothing compresses heavy-tailed distributions, while effective sample size targeting

maintains stable gradient variance. Together, these controls preserve AMLM’s adaptivity while

preventing over-concentration on a few tokens.

The observed geometric trade-offs reveal a key characteristic of AMLM’s representations. While

manifold compression reduces dimensionality substantially, it does not produce tighter geometric

clusters. Instead, AMLM organizes the lower-dimensional space to optimize semantic relation-

ships rather than cluster separation. This trade-off aligns with AMLM’s focus on semantic

understanding rather than unsupervised clustering, explaining its superior performance on se-

mantic similarity and QA matching tasks despite lower cluster validity scores.
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3.6 Conclusion

We introduced Adaptive Masked Language Modeling (AMLM), a framework that enhances

domain-specific pre-training by weighting token-level cross-entropy to prioritize domain-relevant

terminology. AMLM achieves notable improvements in financial domain adaptation, with intrin-

sic dimensionality (kNN-MLE) reduced from 23.762 to 9.847, Pearson correlation improved by

0.188, and QA matching Recall@1 improved by 0.231, demonstrating that loss-side modulation

effectively guides models toward specialized representations.

These improvements stem from AMLM’s theoretical foundation: it reframes pre-training as im-

portance weighted empirical risk minimization, where token weights wi directly shape gradient

contributions. Unlike input-side approaches that modify masking patterns or model architec-

ture, AMLM preserves the standard MLM setup while selectively amplifying learning signals

for domain-relevant tokens. This design makes AMLM orthogonal to and composable with such

existing approaches (e.g., masking strategies and PEFT), opening new directions in domain

adaptation and suggesting broader applicability to other specialized domains requiring targeted

representation learning.

Within the dissertation’s broader framework (Chapter 1), AMLM addresses representational se-

mantic fidelity by learning embeddings that capture domain-specific semantics and conceptual

relations. The observed improvements in semantic similarity and QA matching demonstrate

that domain-adapted representations form a foundation for downstream generation and evalu-

ation tasks in specialized domains. The robustness and generalizability of AMLM-Fusion as an

embedding backbone is further validated in Chapter 5, where it is compared against general-

purpose encoders in a consensus-based evaluation framework.

Future research will explore adaptive lexicon construction, cross-domain transfer, and integra-

tion with emerging pre-training paradigms. Key areas include unsupervised term identification,

adaptive hyperparameter selection, and richer importance signals that combine syntactic and

knowledge-informed approaches.



Chapter 4

Collective Reasoning: A

Multi-Agent Framework for Faithful

and Comprehensive QA Generation

Abstract. Large Language Models (LLMs) excel at generating coherent and human-like ques-

tions and answers (QAs) across various topics, which can be utilized in various applications.

However, their performance may be limited in domain-specific knowledge outside their training

data, potentially resulting in low context recall or factual inconsistencies. This is particularly

true in highly technical or specialized domains that require deep comprehension and reasoning

beyond surface-level content. To address this, this chapter introduces Collective Intentional

Reading through Reflection and Refinement (CIR3), a multi-agent framework that leverages

collective intelligence for high quality Question-Answer Generation (QAG) from domain-specific

documents. CIR3 employs a transactive reasoning mechanism to facilitate efficient communi-

cation and information flow among agents. This enables in-depth document analysis and the

generation of comprehensive and faithful QAs. Additionally, multi-perspective assessment en-

sures that QAs are evaluated from various viewpoints, enhancing their quality and relevance. A

balanced collective convergence process is employed to ensure that the agents reach a consensus

on the generated QAs, preventing inconsistencies and improving overall coherence. Experiments

indicate a substantial level of alignment between the CIR3-generated QAs and corresponding doc-

uments, while improving comprehensiveness by 23% and faithfulness by 17% compared to strong

baseline approaches.

65
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4.1 Introduction

Question-Answer Generation (QAG) is a data augmentation task that consists of generating a

set of QA pairs given a context. QAG has a variety of applications, from information retrieval

[80, 81, 190] to healthcare [191, 192], and education [82, 83, 193]. Although Question Generation

(QG) has been extensively researched in the context of language models [194, 195], QAG presents

a more challenging task, as it requires generating both the question and the answer, rather than

assuming that the answer is already provided in the input, as illustrated in Example 4.1. While

QG models offer a more direct and focused approach, they primarily focus on surface-level

features of the context, such as facts and keywords. This is due to the limited amount of

explicit information that is conditioned on the input answer. Furthermore, despite the proposal

of various methods, generating comprehensive and semantically distinct questions from the same

context remains under-explored as highlighted in [93, 94]. The latter attributes this limitation

to the lack of multi-reference training datasets that exhaustively cover all possible questions for

each context. This inability is even more evident in highly technical or specialized domains,

where documents are often rich in information. In the context of semantic fidelity (Chapter 1),

this work addresses the generation stage by producing outputs that are both comprehensive and

faithful while preserving domain-specific meanings.

Illustrative Example: QG vs. QAG

Context: ”A defined contribution pension plan is one where the final benefit depends on the contributions

made and the performance of the selected investments.”

QG Output:

� How does a defined contribution plan work?

� What determines the final benefit in a defined contribution plan?

QAG Output:

� Q: How does a defined contribution plan work?

A: It depends on the contributions and investment performance.

� Q: What determines the final benefit in a defined contribution plan?

A: The final benefit depends on contributions and investment returns.

In-Context Learning (ICL) [1] is an emerging paradigm that enables LLMs to learn new tasks

without the need for extensive fine-tuning on specific data. By providing a description of

the task, along with a few or even zero demonstrations as part of the input context, LLMs

can be conditioned to perform well in various domains. This approach has shown promising
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results, surpassing state-of-the-art models in some tasks, and offers a potential solution to

the challenge of limited data availability [88, 196, 197]. Despite impressive results on popular

NLP benchmarks, using ICL for QAG, given a relatively complex document, often lacks robust

inference mechanisms to deduce implicit relationships between the different key points inherent

in the context. If the generation depends on comprehending the underlying connections that are

not explicitly stated in the context, the model may fail to generate faithful QAs that accurately

reflect this complexity. This is particularly problematic for information-dense contexts, which

are common in highly domain-specific corpora, such as finance and health.

Advancements in LLM-based Multi-Agent1 (LLM-MA) systems have shown significant improve-

ments in problem-solving abilities through planning, collaboration, and autonomous task ex-

ecution [10, 11]. These systems break down complex tasks into simpler subtasks to enhance

complex task solving. Compared to standard LLMs and single-agent setups, LLM-MA sys-

tems offer advanced capabilities by leveraging collective intelligence and specialized skills [198].

Motivated by the potential of these capabilities, the QAG task is augmented with collective

reasoning through the adoption of LLM-MA settings.

To address the aforementioned limitations in relation to generating comprehensive and faithful

QAs from highly domain-specific documents, this work derives a set of research questions around

the adoption of LLM agents for QAG tasks: (R1) Can an LLM-MA workflow uncover deeper

and perhaps implicit key concepts from a complex and information-dense document? (R2)

How can LLM-MA effectively emphasize deep engagement with a text from different viewpoints

to enable comprehensive and consistent generation and mitigate blind spots? R3 (a) How can

multiple agents be incentivized to seek consensus? (b) How can the convergence process be

controlled to reach common QAG while avoiding premature collapse to incomprehensive and/or

unfaithful generation?

To address these research questions, Collective Intentional Reading through Reflection and

Refinement (CIR3) is designed based on three corresponding hypotheses:

1LLM-based agents are autonomous systems that leverage LLMs as their core reasoning and decision-making
engine. These agents can perceive their environment through natural language, process information, generate
plans, and take actions to achieve specific goals. Unlike traditional AI systems with static functionalities, LLM-
based agents exhibit a degree of general intelligence, enabling them to handle a wider range of tasks and adapt
to novel situations based on their extensive knowledge and language understanding capabilities[100, 150].
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H.1 : Transactive reasoning2 allows the deduction of QAs that uncover the implicit relation-

ships between key concepts within the text.

H.2 : Multi-perspective group debate leads to an in-depth analysis of the document.

H.3 : Collective convergence, the process of a group of agents moving towards a shared output,

requires disruptive signals to ensure diversity is maintained and collapse is avoided.

To build upon these hypotheses, CIR3 first utilizes an optimized topology of information within

the agents to maximize the effectiveness of collaborative problem-solving and ensure an in-depth

analysis of the input document. Second, CIR3 gains effectiveness by dynamically allocating spe-

cialized writer agents, each with a distinct perspective, based on the topic categories identified

within the input context. Third, to reach a shared understanding of the document, despite the

diverse perspectives and reasoning capabilities of the writers, CIR3 employs a curmudgeon agent

as a mechanism for introducing variation. The curmudgeon, coupled with an external evaluation

tool, incites the writers towards a balanced collective convergence on the key concepts within

the text while maintaining diversity in the generated QAs.

While lexical matching is a standard evaluation method for QA tasks, its limitations become

apparent when dealing with generative models, which often produce plausible answers not found

in the predefined gold standard. This issue is further compounded by LLMs generating increas-

ingly complex and lengthy answers, making lexical matching even less effective [201]. To ensure

a comprehensive and accurate evaluation of CIR3, diverse automatic metrics are employed, in

addition to human evaluation.

In summary, the main contributions include:

(1) Introduction of CIR3, a dual-loop multi-agent framework for QAG that formalizes Com-

prehensiveness and Faithfulness as a diversity-alignment objective and operationalizes

transactive memory via inner/outer iterative refinement with explicit termination condi-

tions.

(2) Design of a curmudgeon-guided convergence mechanism that maintains diversity while

driving consensus, with systematic ablations isolating the contributions of agent reasoning

versus diversity measurement.

2This work adapts the concept of transactive reasoning [199, 200], a cognitive process that occurs through
social interaction, where individuals build upon each other’s ideas to create new knowledge or solve problems.
It involves a dynamic exchange of thoughts, critiques, and elaborations, leading to a deeper understanding of a
topic.



Collective Intentional Reading through Reflection and Refinement 69

(3) Demonstration of consistent improvements over strong LLM baselines across finance and

medical domains through comprehensive automatic and human evaluations, with open-

source implementation for reproducibility.

4.2 Method

Given a context c consisting of a text passage, the task of QAG aims to produce a set of QA

pairs, denoted as G = {(qi, ai)}Ni=1, that satisfies two crucial properties:

1. Comprehensiveness: The set G should cover all the key points and essential information

present in the context c. In other words, for every significant aspect or piece of information

x ∈ c, there exists at least one QA pair (qi, ai) ∈ G such that qi elicits and ai provides

information relevant to x.

2. Faithfulness: Each answer ai in G must be grounded in and supported by the factual

content of the context c. This constraint ensures that the generated answers are not

fabricated or hallucinatory, but rather reflect accurate information derived from the given

text.

Formally, the QAG task can be formulated as an optimization problem, where the objective is

to find the set G that maximizes both comprehensiveness and faithfulness with respect to the

context c. This can be expressed as: G∗ = argmaxG [Comp(G, c) + Faith(G, c)], where Comp(G, c)

and Faith(G, c) are scoring functions that assess the extent to which the set G covers the key

points of c and adheres to the factual content of c, respectively. These scoring functions are

defined in terms of diversity measures as follows:

G∗ = argmax
G

αq,a

2
· (Dq +Da)︸ ︷︷ ︸

Comp(G,c)

+αa,c · (1−Da,c)︸ ︷︷ ︸
Faith(G,c)

 (4.1)

where Dq and Da denote diversity scores computed over the sets of generated questions {qi}Ni=1

and answers {ai}Ni=1, respectively, and Da,c denotes a dissimilarity measure between the concate-

nated answers a1⊕ · · ·⊕ aN and the context c. D ∈ [1, 2] ⊂ R;D = 1 denotes perfect similarity.
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The coefficients3 αq,a and αa,c, where αq,a + αa,c = 1, control the relative weighting of ques-

tion and answer diversity (Comprehensiveness) and the alignment of answers with the context

(Faithfulness) in the overall score.

Figure 4.1: CIR3 takes an input document (1), identifies subtopics (2), and prompts writer
agents to generate QA pairs based on their assigned perspectives (subtopics) (3). The QAs
undergo iterative refinement by the writers (4), followed by an outer refinement where the cur-
mudgeon, using its intrinsic knowledge and the evaluation tool, analyses the QAs and provides
feedback for the next cycle (5, 6). The process halts when the curmudgeon is satisfied, and CIR3
returns the final QAs (7). The transactive memory serves as a central knowledge repository.

In what follows, CIR3 is described to generate the optimal solution G∗ given c. This is achieved

by building upon the aforementioned hypotheses to ensure that QAG is based on an in-depth

analysis of the input text through an efficient flow of information and adoption of multiple views

approach (4.2.1, 4.2.2), while maintaining QAG diversity and optimizing the convergence rate

of agents (4.2.3). The pseudo-code of the algorithm serving as the conceptual foundation of the

approach is outlined in Algorithm 3.

4.2.1 Multi-Perspective Analysis

Incorporating multi-perspective or various viewpoints is crucial for analyzing complex docu-

ments as it enhances the depth and breadth of understanding. Existing research highlights that

a single perspective may introduce bias or overlook crucial aspects [202]. For instance, STORM

[203] emphasizes the value of multiple perspectives in writing Wikipedia-like articles, by guiding

participants to ask more in-depth questions in the pre-writing stage. Similarly, [204] showcased

how addressing various perspectives improved document clarity and readability in document

revision task.

3In this study, the coefficients αq,a and αa,c are empirically assigned equal weights (0.5). Although this choice
effectively demonstrates the framework’s capabilities, future research will explore dynamic estimation of α-values,
potentially leveraging neural networks or other adaptive techniques, to further optimize Comprehensiveness and
Faithfulness.
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Algorithm 3 Pseudo-algorithm describing the CIR3 conceptual framework. The loops
are designed to terminate gracefully when either the feedback is empty (indicating
satisfactory) or the number of iterations reaches the predefined threshold. Further
implementation details are given in B.2: Algorithm Implementation Details.

Require:
1: Max inner-refinement cycles L
2: Max outer-refinement cycles K
3: Max perspective M , Context c

Ensure: Refined QA pairs G∗
4: Initialize: M← [ ””] ▷ Writer’s short memory state. (Eq. 4.2)
5: Initialize: H ← [ ””] ▷ Long short-term memory state. (Eq. 4.3)
6: // Identify and assign unique perspectives P.
7: WP0 = default in-domain writer
8: W ← [WP0 ] ▷ List of Writers.
9: P ← classify subtopics(c,M) ▷ List of subtopics ≤M .

10: for i = 1 to |P | do
11: W .append(get perspective writer(P [i]))
12: end for
13: Outer-refinement cycles: k ← 0; F ′k+1 ← ∅
14: repeat
15: Inner-refinement cycles: l← 0; Fl+1 ← ∅
16: repeat
17: G+l ← generate QAs(c,M[−1],H[−1])
18: Fl+1 ← refine QAs((G+l,M))
19: M.append((G+l,Fl+1))
20: l← l + 1
21: until l ≥ L ∨ Fl+1 = ∅
22: G−k ← G+l−1

23: F ′k+1 ← curmudgeon QAs((G−k,H))
24: H.append((G−k,F ′k+1))
25: k ← k + 1
26: until k ≥ K ∨ F ′k+1 = ∅
27: G∗ ← G−k−1

28: return G∗

While STORM efficiently identifies different perspectives by surveying existing articles from

similar topics using a search engine, the CIR3 challenge is to discover diverse perspectives

from a contained and limited context without retrieving external information. Given the in-

put context c, CIR3 leverages LLM language understanding capabilities to identify different

subtopics within the input document c. To this end, few-shot prompting, with a limited set of

demonstrations, is employed to guide a classifier agent to classify the context into M specific

categories P = {p1, ..., pM} (Figure 4.1 1 - 2 )4. Next, the moderator agent dynamically assigns

each identified perspective pj to a different writer Wpj , while prompting the agents to analyze

4For example, given a finance-related document, CIR3 is prompted to discover the different M subtopics
present in the context, such as pensions, insurance, and savings.
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the input context and generate a set of QA pairs, Gpj , based on their respective perspectives

(Figure 4.1 3 ). Subsequently, as per sections 4.2.2 and 4.2.3, the list of Gpj are aggregated

into Q+ = {Gpj}Mj=1, then subjected to iterative refinement and evaluation, ultimately resulting

in G∗. For better coverage of the overall information and the relationships between the key

concepts within the context, CIR3 introduces Wp0 based on the corpus domain. Additionally,

this approach guarantees at least one agent will be available even if no subtopics are identified.

4.2.2 Transactive Reasoning

[205] explores how the group structure, the pattern of connections between individuals, can

significantly influence collective cognition and shared knowledge within the group. This suggests

that the structure of a network plays a crucial role in how memories are shared and aligned

within a group. For instance, centralized networks, where information flows through a few key

individuals, can lead to faster memory alignment but may also result in the loss of some details.

In contrast, decentralized networks, with more diverse connections, may preserve a wider range

of memories but take longer to reach consensus.

Drawing upon these insights, CIR3 employs a hybrid topology that consists of decentralized net-

work of writer agents within a centralized network of two more agents, moderator and curmud-

geon. To encourage communication and interaction, the group of writers form a fully-connected

graph, where they operate at the same hierarchical level. To facilitate transactive reasoning,

CIR3 adopts a reflection process, which benefits from the iterative exchange of critiques and

refinements among the writers (Figure 4.1 4 ). At iteration l, CIR3 gathers and aggregates

feedback from all writers into Fl = {Fl
j}Mj=1, links it to the previous QAs, G+l−1, and then ap-

pends this updated information to the transactive memory. This creates a sequential memory

state that evolves with each iteration:

M = {(G+0,F1), ..., (G+l−1,Fl)}Ll=0 (4.2)

The reflection prompt is specifically designed to encourage the participants to build upon each

other’s analysis, while maintaining comprehensive and faithful output. To incentivize the agents

to seek an optimal consensus, CIR3 builds upon the group’s decentralized graph to (1) capitalize

on the strengths inherent in centralized networks, and (2) incite the group towards a shared

and optimal solution (4.2.3).
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4.2.3 Guiding Collective Cognitive Convergence

In addressing R3, this work draws inspiration from the phenomenon of Collective Cognitive

Convergence (C3) [206, 207] and from How social network topology can shape collective cognition

[205].

4.2.3.1 Collective Cognitive Convergence (C3)

C3 [206, 207] is a sociology and evolutionary-biology related phenomenon that occurs when

frequent interactions among a group lead to a convergence in cognitive5 orientation. This

phenomenon is observed in various contexts, including research sub-disciplines, political and

religious associations, and persistent adversarial configurations. The authors highlight that

while convergence facilitates mutual understanding and coordination, if left unchecked, it can

lead to cognitive collapse, by reducing the diversity of concepts to which the group is exposed.

Hence, limiting the group’s ability to explore other viewpoints and generate new ideas. C3

suggests that the lack of mechanisms to introduce variation incites the collapse and reduction

in diversity.

4.2.3.2 Social Network Topology

[209, 210] investigates how group characteristics, including composition and structure, explain

variations in their Collective Intelligence (CI). The authors highlight that the concept of CI in

groups emerges from the interplay of bottom-up and top-down processes. Bottom-up processes

involve the aggregation of individual member characteristics, such as intelligence, social skills,

and diverse knowledge, which contribute to enhanced group collaboration. Top-down processes

include structures, norms, and routines that regulate collective behavior and can either enhance

or impede coordination and collaboration within the group. The interaction and combination

of these bottom-up and top-down aspects ultimately determine the level of a group’s collective

intelligence and performance.

In order to generate the optimal solution G∗, CIR3 draws inspiration from C3 and CI and

capitalizes on:

5[208] uses the term ”cognitive convergence” to encompass various concepts that have been used to explain
the important processes underlying successful collaboration, such as inter-subjectivity, co-construction, knowledge
convergence, common ground, joint problem space, and transactive reasoning.
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1. The strengths of combining decentralized and centralized networks, where (a) the infor-

mation flow in the group of decentralized writers facilitates the preservation of a wider

range of G+, which is amplified by the multi-perspective analysis, and (b) the rate of

convergence in the broader centralized network (between (a) and the curmudgeon agent)

facilitates a faster memory alignment of G+;

2. The curmudgeon agent as a mechanism for introducing variation. Coupled with external

evaluation tools (Figure 4.1 5 ), the curmudgeon guides the writers towards a balanced

collective convergence on the key concepts within the document, while maintaining diver-

sity in the output.

Combined with the benefits of CIR3’s hybrid topology, the cyclic process of reflection and

refinement, between the writers and the curmudgeon (Figure 4.1 6 ), amplifies the collective in-

telligence, and enables collaborative knowledge construction by sharing, discussing, and building

upon each other’s analysis, leading to a deeper understanding of the document. Additionally,

this approach offers a solution to mitigate the disadvantages inherent in both centralized (po-

tential loss of information) and decentralized (potential slow convergence) networks.

Once the inner-refinement cycle reaches either an agreement or the predefined maximum number

of iterations, L, CIR3 is prompted to create a separate record of the latest refined QA pairs,

G− = G+l. This state is then passed to the outer-refinement cycle k, where the curmudgeon

appends its feedback F ′k along G−k−1 to the transactive memory, creating a central memory

state that evolves with each outer-iteration of refinement:

H = {(G−0,F ′1), ..., (G−k−2,F ′k−1), (G∗,∅)}Kk=1 (4.3)

where ∅ denotes a satisfactory alignment between the curmudgeon and the writers, which then

routes the subsequent operation to the termination phase, through the moderator, yielding the

final output G∗ and halting the generation process (Figure 4.1 7 ).

The curmudgeon is equipped with an evaluation tool to help quantify the diversity of (a) gen-

erated questions, (b) generated answers, and (c) concatenated answers and input context. A

lower diversity score in (c), combined with higher diversity scores in (a) and (b), would indicate
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high faithfulness and better coverage of the input context. To achieve this, Vendi Score6 [211]

is used as an evaluation tool for diversity, where the objective is to minimize diversity in (c),

while maximizing it in (a) and (b).

At each iteration k, the curmudgeon evaluates G− to determine the next action, leveraging the

Vendi tool to augment its intrinsic knowledge and generate informed feedback. The result is

then added to H (Equation 4.3), which invokes another cycle of inner-refinements among the

writers.

Diversity Metric Selection

Vendi Score is a similarity-based diversity metric inspired by quantum statistical mechanics. It

quantifies the diversity of a sample set by analyzing the eigenvalues of a similarity matrix, which

captures the correlations and relationships among all data points. This approach enables Vendi

Score to measure complex, multidimensional diversity that pairwise metrics may miss. Unlike

many traditional diversity metrics, it does not require prevalence information on items, which

makes it particularly useful when such data are unavailable or irrelevant. Vendi Score captures

both the number and balance of distinct outputs, is less sensitive to sequence length variations,

and operates independently of specific embedding model architectures. By evaluating the joint

diversity across all attributes simultaneously, Vendi Score provides a comprehensive measure of

a set’s overall variability, going beyond simple pairwise comparisons to assess the full spectrum

of diversity within the samples. As with any embedding-based estimator, Vendi’s values depend

on the encoder and its induced geometry; we therefore use a consistent encoder during evaluation

and probe sensitivity where appropriate (see Chapter 5 for encoder-robustness analyses).

Convergence Properties and Limitations

CIR3 operates as a heuristic iterative framework without theoretical global optimality guaran-

tees. However, several design safeguards mitigate common convergence issues: bounded itera-

tions prevent infinite loops, the hybrid topology preserves diversity while enabling coordination,

and the external variation signal (curmudgeon + Vendi tool) prevents premature consensus. Em-

pirically, ablation studies (Section 4.4.4.1) demonstrate that removing these safeguards leads to

6SimCSE models from Princeton and BGE models are employed as foundational encoders for the Vendi score.
The implementation extends this setup to include various embedders, including AMLM variants (Chapter 3).
Empirically, it produces scores in the range of 1 to 2, with 1 indicating perfect similarity, typically observed
between a given context and its corresponding concatenated answers.

https://huggingface.co/princeton-nlp
https://github.com/FlagOpen/FlagEmbedding
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either premature convergence with information loss or slow convergence with reduced faithful-

ness, validating the design choices.

Domain Robustness

CIR3’s architecture is intentionally domain-agnostic to ensure cross-domain generalizability

through three key mechanisms:

1. Subtopic identification uses LLM semantic understanding without domain-specific on-

tologies, reducing dependence on specialized vocabularies. A comprehensive evaluation of

CIR3’s subtopic identification task is presented in Chapter 5.

2. Perspective-assigned writers leverage general reasoning capabilities based on textual

evidence rather than domain-specific knowledge bases or specialized ontologies.

3. Curmudgeon evaluation integrates two complementary mechanisms: intrinsic reason-

ing capabilities for the coverage assessment and Vendi score-based diversity optimization

for comprehensive exploration.

This integrated approach ensures both comprehensive document coverage and diverse solution

exploration across domains. The semantic subtopic decomposition enables flexible problem

partitioning, perspective-based writing generates diverse viewpoints through general reasoning,

and the dual curmudgeon mechanism balances coverage optimization with diversity preservation

to prevent convergence to suboptimal local solutions.

4.3 Experiments

This section presents an empirical evaluation of CIR3’s performance. The discussion opens

with a description of the datasets employed, followed by an overview of the baselines selected

for comparison. The subsequent subsection outlines the implementation details of CIR3. The

final part introduces the evaluation metrics, which encompass statistical, encoder-based, and

LLM-based methods.
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4.3.1 Datasets

While widely used QA datasets like MS MARCO [212] and Natural Questions [213] offer valuable

resources, they fall short for the purposes of this work due to the lack of both in-domain

and specialized QA datasets, as well as insufficient coverage of comprehensive QA pairs per

document. As a result, experiments are conducted exclusively on passages from four specialized

datasets in Finance and Medical fields:

(1) FiQA [214]. This dataset7 was used in the Financial Opinion Mining and Question An-

swering challenge at the 2018 International World Wide Web Conference. FiQA comprises 6,648

questions and 57,640 answer passages. It was curated from financial posts on platforms such

as Stackexchange8, Reddit8, and StockTwits8 between 2009 and 2017, with the objective of de-

veloping QA systems that can address financial queries by leveraging information from various

sources such as micro-blogs, reports, and news articles;

(2) InsuranceQA [215] (InsurQA). This corpus9 was sourced from the Insurance Library10

website, consists of 16,889 real-world user questions and 27,413 corresponding answers written

by professionals with extensive domain knowledge in the insurance industry.

(3) MedQA [216] is a free form multilingual multiple choice QA dataset11 specifically curated

for medical problem-solving, sourced from professional medical board exams. It encompasses

over 61K questions, making it a valuable resource for evaluating and training models on clin-

ical reasoning and medical knowledge in diverse contexts. The dataset is complemented by a

large-scale corpus extracted from medical textbooks, supporting comprehensive reading com-

prehension and open-domain medical QA research.

(4) MedMCQA [217] is a large-scale, multiple-choice QA dataset12 designed to mirror real-

world medical entrance exams, notably AIIMS and NEET PG. It contains over 194K high-

quality MCQs spanning 2,400 healthcare topics and 21 medical subjects, with each question

accompanied by detailed explanations. The dataset is notable for its topical diversity and com-

plexity, requiring models to demonstrate advanced reasoning abilities across a broad spectrum

of medical disciplines, making it a robust benchmark for open-domain medical QA systems.

7https://huggingface.co/datasets/BeIR/fiqa
8https://stackexchange.com; https://stocktwits.com; https://reddit.com
9https://github.com/shuzi/insuranceQA

10https://www.insurancelibrary.com/
11https://huggingface.co/datasets/bigbio/med_qa
12https://huggingface.co/datasets/openlifescienceai/medmcqa

https://huggingface.co/datasets/BeIR/fiqa
https://stackexchange.com
https://stocktwits.com
https://reddit.com
https://github.com/shuzi/insuranceQA
https://www.insurancelibrary.com/
https://huggingface.co/datasets/bigbio/med_qa
https://huggingface.co/datasets/openlifescienceai/medmcqa
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For each dataset, a subset of 2000 passages is randomly chosen for the main experiments.

4.3.2 Baselines

Prior research in this area has used varied experimental setups and has not focused on generating

comprehensive sets of QA pairs from individual documents. As a result, direct comparisons

between these works are challenging. Therefore, the following baselines are established for this

study:

� LLM-DP: This baseline directly prompts Meta-Llama-3-70B-Inst [151] to generate

QAs without explicit reasoning or tool utilization. It serves as a measure of the LLM’s

ground performance.

� qGen-aGen: In this pipeline, query-gen-ms- marco-t5-large-v1 from the Bench-

marking IR BEIR [142] is employed to generate questions, which are then fed into Meta-

Llama-3-70B to produce corresponding answers. This baseline assesses the LLM’s per-

formance when guided by an external query generation model.

4.3.3 CIR3 Implementation

CIR3 is implemented using the LangGraph [218] library, supporting both heterogeneous (CIR3-

Het) and homogeneous (CIR3-Hom) configurations.

� CIR3-Hom uses the Instruct variants of Meta-Llama-3-{70B,8B} for their strong per-

formance and moderate resource requirements.

� CIR3-Het13 leverages GPT-4o-mini [40], Gemma-3-27B-it [38], Meta-Llama-3-{70B,8B} [151],

and Claude Sonnet 4 [39].

Inference is conducted with a temperature of 0.1 and nucleus sampling of 0.5. The Groq [220]

API is used for Llama models and Gemma is self-hosted via vLLM [221, 222], both offering seam-

less integration. Generation is limited to 10 QA pairs per context, with refinement iterations

set to K = 6 and L = 12.

13The implementation is designed for flexibility and scalability, enabling compatibility with a wide range of
LLMs through external configuration alone, without requiring code modifications, as detailed in the repository
[219].
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4.3.4 Evaluation Metrics

This section delineates the metrics and evaluation framework used to assess CIR3’s performance.

The primary evaluation is first discussed, followed by common generation errors. A comprehen-

sive evaluation of the classifier agent through cross-model semantic agreement is presented in

Chapter 5.

4.3.4.1 Main Evaluation

Automatic evaluation of generated text remains a challenge as traditional metrics fail to align

with human assessments. To address this limitation and provide a more comprehensive and

refined evaluation of CIR3, standard metrics are augmented with LLM-based scores tailored to

the specific use case.

Statistical Scorers. ROUGE-L [223], METEOR [224], and Jaccard Index [225] are used to

calculate the scores between (1) the generated questions Q and the context c as reference, (2)

the generated answers A and c, and (3) Q and A. The mean score is then calculated over (1),

(2) and (3), before calculating the average scores over each evaluation dataset.

Encoder-based Scorers. Beyond token overlap, embedding-based similarity metrics are also

employed, such as BERTScore [163] and BAAI/bge-large-en-v1.5 (denoted with BGE score

in this study). The mean semantic scores are measured between (1) c and Q, (2) c and A, and

(3) Q and A. To assess the quality of QAs when considered collectively, BGE scores are also

included between (4) the concatenated questions Q⊕ = ⊕N
i=1qi and c, (5) the concatenated

answers A⊕ = ⊕N
i=1ai and c, and (6) Q⊕ and A⊕.

LLM-based Scorers. To further quantify the comprehensiveness and faithfulness of the gen-

erated QA pairs, the G-EVAL [148] framework is adapted by merging the task definition and

evaluation criteria prompt with a Chain-of-Thoughts (CoT) prompt [101] to specify detailed

evaluation steps. This modification provides greater control over the assessment process com-

pared to the original G-EVAL, where the LLM generates the CoT automatically. The com-

prehensiveness of G∗ is evaluated based on coverage, depth, accuracy and coherence. Similarly,

faithfulness is evaluated based on accuracy, exaggeration, consistency, justification, plausibility,
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and misrepresentation. Additionally, the G-EVAL scoring function is retained, which normal-

izes scores using a weighted sum of token probabilities in LLM output. GPT-4 is used with the

temperature set to 0 to ensure reproducibility.

Further details on the metrics and scoring calculations used in this study are provided in B.1:

Automatic Metrics. Sample prompts designed for evaluating CIR3 can be found in B.4: Evalu-

ation Prompts.

4.3.4.2 Evaluation of Common Generation Errors

To further assess the robustness of the framework, CIR3 is evaluated in its ability to mitigate

common generation errors: hallucination, irrelevance, duplication, and over-specificity. Experi-

ments are conducted using 400 samples, with 100 samples from each of the four datasets. The

generated QA pair sets are evaluated using gpt-4o as a model-based evaluator, employing G-

Eval with detailed evaluation steps for each error type. To quantify duplication, the semantic

similarity across all possible pairs of generated questions for a given document is assessed, and

the averaged score is reported. The performance of the approach, CIR3-Hom and CIR3-Het,

is compared against the two baselines: LLM-DP and qGen-aGen.

4.4 Results and Observations

This section presents the experimental findings, covering key results, human evaluations, and

ablation studies to assess the effect of multi-perspective reasoning and the impact of introducing

variation.

4.4.1 Main Results

In all tables, the best-performing model is highlighted in bold, with the second-best underlined.

As shown in Table 4.1, the proposed approaches outperform both baselines across all lexical

metrics on both datasets. Specifically, CIR3-Hom achieves relative improvements of 6.43% on

METEOR, 2.66% on ROUGE-L, and 9.62% on the Jaccard Index over the next best-performing

model. Furthermore, CIR3-Het demonstrates even more substantial gains, with relative im-

provements of 10.41%, 3.70%, and 12.04% on the same metrics, respectively. Although the
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Table 4.1: Evaluation results using standard metrics. † denotes significant differences (p <
0.05) from a paired t-test between CIR3 and the best baseline LLM-DP.

METEOR ROUGE-L (F1 Scores) Jaccard Index
Dataset Model s(c,Q) s(c,A) s(Q,A) Avg. s(c,Q) s(c,A) s(Q,A) Avg. s(c,Q) s(c,A) s(Q,A) Avg.

LLM-DP 0.1571 0.3068 0.2119 0.2252 0.1951 0.3189 0.2781 0.2640 0.4377 0.5286 0.4881 0.4847
FiQA qGen-aGen 0.1288 0.3383 0.1613 0.2094 0.1771 0.4003 0.2690 0.2821 0.4161 0.5391 0.4703 0.4751

CIR3-Hom 0.1935 0.3791 0.2767 0.2831� 0.2153 0.3771 0.2893 0.2939 0.5511 0.6112 0.5983 0.5868�
CIR3-Het 0.2140 0.3905 0.2938 0.2994� 0.2190 0.3913 0.2952 0.3018 0.5633 0.6959 0.5983 0.6191�

LLM-DP 0.2422 0.3972 0.2717 0.3037 0.2877 0.4984 0.3447 0.3769 0.4784 0.5920 0.4987 0.5230
InsurQA qGen-aGen 0.1433 0.3134 0.1283 0.1949 0.1898 0.4903 0.2463 0.3088 0.3885 0.5749 0.4729 0.4787

CIR3-Hom 0.3197 0.4391 0.3632 0.3739� 0.2950 0.4891 0.3972 0.3937 0.5261 0.6716 0.6104 0.6027�
CIR3-Het 0.3278 0.4579 0.3802 0.3887� 0.3143 0.5002 0.4031 0.4059 0.5354 0.6769 0.6210 0.6111�

LLM-DP 0.1506 0.3042 0.2077 0.2208 0.1959 0.3161 0.2715 0.2611 0.4351 0.5303 0.4814 0.4823
MedQA qGen-aGen 0.1231 0.3353 0.1575 0.2053 0.1708 0.2982 0.2708 0.2466 0.4136 0.5390 0.4680 0.4735

MedMCQA CIR3-Hom 0.1958 0.3847 0.2765 0.2857� 0.2204 0.3739 0.2887 0.2943 0.5512 0.6146 0.6019 0.5892�
CIR3-Het 0.2070 0.3934 0.2766 0.3739� 0.2317 0.3798 0.3050 0.3055 0.5582 0.6220 0.6104 0.6212�

observed overlap might not suggest a high degree of similarity, it is important to consider the

limitations of lexical metrics, which are inherently less effective when evaluating generative

tasks.

Table 4.2: Evaluation results using embedding-based metrics. † denotes significant differences
(p < 0.05) from a paired t-test between CIR3 and the best baseline LLM-DP.

BERTScore (F1 Scores) BGE Semantic Similarity
Dataset Model s(c,Q) s(c,A) s(Q,A) Avg. s(c,Q) s(c,A) s(Q,A) Avg. s(c,Q⊕) s(c,A⊕) s(Q⊕,A⊕) Avg.

LLM-DP 0.8415 0.8597 0.8701 0.8571 0.6858 0.6847 0.7872 0.7192 0.7548 0.8078 0.8488 0.8038
FiQA qGen-aGen 0.8339 0.8617 0.8472 0.8475 0.6932 0.7051 0.7358 0.7113 0.7462 0.8087 0.8183 0.7910

CIR3-Hom 0.8702 0.9171 0.9088 0.8987� 0.8312 0.8542 0.8115 0.8323 0.8291 0.9118 0.9264 0.8891�
CIR3-Het 0.9085 0.9412 0.9378 0.9292� 0.8555 0.8689 0.8407 0.8551 0.8554 0.9384 0.9587 0.9175�

LLM-DP 0.8511 0.8810 0.8779 0.8700 0.7388 0.7540 0.8097 0.7675 0.8173 0.8948 0.8675 0.8598
InsurQA qGen-aGen 0.8282 0.8757 0.8472 0.8503 0.7231 0.7404 0.7344 0.7326 0.7708 0.8539 0.7487 0.7911

CIR3-Hom 0.8972 0.9298 0.9175 0.9148� 0.7591 0.7736 0.8616 0.7980 0.8450 0.9395 0.9072 0.8972�
CIR3-Het 0.9218 0.9414 0.9352 0.9328� 0.7833 0.8008 0.8809 0.8217 0.8389 0.9530 0.9215 0.9044�

LLM-DP 0.8358 0.8525 0.8696 0.8526 0.6850 0.6795 0.7848 0.7165 0.7486 0.8039 0.8483 0.8003
MedQA qGen-aGen 0.7845 0.8633 0.8347 0.8275 0.6528 0.6734 0.6869 0.6710 0.7288 0.7540 0.7770 0.7533

MedMCQA CIR3-Hom 0.8776 0.9256 0.9235 0.9089� 0.7777 0.7592 0.8511 0.7960 0.8559 0.9292 0.8851 0.8901�
CIR3-Het 0.8971 0.9454 0.9525 0.9316� 0.8053 0.7835 0.8708 0.8199 0.8787 0.9552 0.9056 0.9132�

Further analysis in Table 4.2 shows that CIR3 consistently surpasses other models in semantic

similarity metrics. CIR3 achieves an average improvement of 5.94% on BERTScore and 8.33%

on BGE compared to the second-best model. This trend extends to contextual semantic similar-

ity between the context and concatenated answers, suggesting that CIR3’s generated answers

are more faithful to the input text, potentially indicating lower hallucination and improved

comprehensiveness.

Table 4.3 (LLM-based evaluation results) further supports these findings, showing that CIR3-

Hom achieves average improvements of 21.85% in comprehensiveness and 16.62% in faithful-

ness, while CIR3-Het attains 23.33% and 17% improvements, respectively, outperforming the

second-best model, LLM-DP. These results provide additional validation for Method 4.2.3 and

Equation 4.1, wherein the curmudgeon, utilizing a diversity-based evaluation tool, directs the

generation of diverse QAs (Comprehensiveness) while ensuring the alignment of the answers

with the context (Faithfulness).
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Table 4.3: LLM-based evaluation results for comprehensiveness and faithfulness.

Dataset Model Comprehensive Faithful Avg.

LLM-DP 0.7169 0.8030 0.7599
FiQA qGen-aGen 0.5290 0.8414 0.6852

CIR3-Hom 0.9312 0.9762 0.9537
CIR3-Het 0.9419 0.9749 0.9584

LLM-DP 0.7317 0.8175 0.7746
InsurQA qGen-aGen 0.5560 0.8763 0.7161

CIR3-Hom 0.9389 0.9879 0.9634
CIR3-Het 0.9501 0.9893 0.9697

LLM-DP 0.6807 0.7961 0.7384
MedQA qGen-aGen 0.5052 0.8371 0.6711

MedMCQA CIR3-Hom 0.9148 0.9511 0.9329
CIR3-Het 0.9372 0.9629 0.9500

Interestingly, LLM-DP demonstrates superior performance compared to qGen-aGen in all

tests. This implies that the added query generator may not be beneficial, possibly due to the

limitations of the T5 [21] model in uncovering deeper key concepts in both domains.

Analysis also reveals, in Tables 4.1 and 4.2, that CIR3’s questions are significantly more aligned

with the context compared to both baselines. This indicates that CIR3’s deep engagement with

the input document helps bridge the gaps in machine reading comprehension, which results in

more comprehensive and relevant question generation.

The results presented in Tables 4.1, 4.2, 4.3, provide evidence of the effectiveness of CIR3.

These results further demonstrate that CIR3-Het consistently outperforms CIR3-Hom, a per-

formance gap attributable to the advantages conferred by architectural and behavioral diversity

among heterogeneous agents, where differing model architectures, training data, and inductive

biases result in varied reasoning strategies and error profiles, enabling the system to explore a

broader solution space and mitigate redundancy or shared failure modes common in homoge-

neous configurations. This diversity enhances robustness through inter-agent disagreement, en-

courages complementary specialization, and supports more effective ensemble decision-making.

Prior work highlights how heterogeneity improves collaborative reasoning, debate, and problem-

solving performance in LLM-based agents [226]. Such findings also align with our hypotheses

in H.2 and H.3, where cognitive diversity often correlates with improved group performance.

4.4.2 Common Generation Error Analysis

The results presented in Table 4.4 demonstrate that both CIR3 variants significantly outperform

the baseline methods across all error categories and domains. CIR3-Het achieves the highest per-

formance, with scores exceeding 0.94 across all metrics for both Finance and Medical domains.
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Table 4.4: LLM-based evaluation results for common generation errors (semantic duplication,
hallucinated answers, irrelevant QAs, over-specific and over-generalized answers). Higher scores

indicate better performance.

Dataset Model Duplication Hallucination Irrelevance Over
Specificity

LLM-DP 0.7846 0.8088 0.8006 0.8976
FiQA qGen-aGen 0.4771 0.8519 0.8481 0.9781

InsurQA CIR3-Hom 0.9515 0.9796 0.9783 0.9549
CIR3-Het 0.9689 0.9853 0.9825 0.9533

LLM-DP 0.7012 0.7935 0.7933 0.8860
MedQA qGen-aGen 0.4919 0.8466 0.8452 0.9703

MedMCQA CIR3-Hom 0.9317 0.9690 0.9630 0.9561
CIR3-Het 0.9481 0.9811 0.9847 0.9598

Duplication Analysis. The most substantial performance gap appears in duplication scores,

where CIR3 achieves scores between 0.93 and 0.97, while LLM-DP scores range from 0.70-0.79,

and qGen-aGen performs poorly with scores below 0.5. This suggests that T5-based question

generation tends to produce highly similar questions, limiting diversity in the generated QAs.

Over-specificity. Interestingly, qGen-aGen scores high in over-specificity (∼ 0.97). This can

be attributed to the characteristics of the fine-tuned T5 question generation model (query-

gen-ms-marco-t5-large-v1), which tends to produce more generic, template-driven questions.

Although this approach helps prevent overfitting to specific contextual details, it comes at the

steep cost of diversity, as evidenced by the low duplication scores.

Hallucination and Irrelevance Control. CIR3 variants exhibit superior hallucination pre-

vention compared to baseline methods, with CIR3-Het achieving scores of 0.98+, substantially

higher than LLM-DP (∼ 0.80) and baseline qGen-aGen (∼ 0.84).

The results demonstrate that CIR3’s approach to QAG effectively balances all evaluation crite-

ria, producing high-quality, diverse, and contextually appropriate QAs while minimizing com-

mon generation errors.

4.4.3 Human Evaluation

Human evaluation is further conducted on 80 samples from the InsurQA corpus and the corre-

sponding generated QA pairs by CIR3 and LLM-DP. Eight experts in finance14 assess 10 sets

of QA pairs each, focusing on comprehensiveness and faithfulness. Comprehensiveness is evalu-

ated based on three aspects: coverage, depth, and coherence. Similarly, faithfulness is assessed

14Volunteers have 2 to 6 years of experience in the finance domain, all based in Europe
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based on: accuracy, representation, and diversification. Each aspect is scored on a scale from

1 (worst) to 5 (best). A partial excerpt of the evaluation guidelines is given in B.3: Human

Evaluation Guidelines.

Table 4.5: Human evaluation results on 80 sets of QA pairs generated by CIR3 and LLM-DP.
The ratings (1 to 5) are normalized between 0 and 1. The scores are analyzed using a paired

t-test (p-values are presented).

Aspect LLM-DP CIR3 p-value

Comprehensiveness

Coverage 0.7875 0.9375 0.0033
Depth 0.7750 0.9125 0.0038

Coherence 0.7625 0.9250 0.0023
Avg. 0.7750 0.9250

Faithfulness

Accuracy 0.7500 0.9125 0.0020
Representation 0.7875 0.9125 0.0042
Diversification 0.8250 0.8875 0.0104

Avg. 0.7875 0.9041

Table 4.5 shows the average scores and paired t-test results, aligning with the findings in Table

4.3. CIR3 demonstrates significant improvement over the baseline LLM-DP, with an increase

of 15% on comprehensiveness and 11.66% on faithfulness.

4.4.4 Ablation Studies

4.4.4.1 Ablation Studies: Perspective and External Variation Effect

To provide additional support for the hypotheses inH.2 andH.3, an ablation study is conducted

with two variations of CIR3:

1. CIR3 w/o perspectives. Following [203], in this variation, the impact of multi-perspective

reasoning is assessed. The moderator’s prompt is modified by removing the section that as-

signs diverse perspectives to the writer agents. To ensure a fair comparison, the same num-

ber of writers as in the original model (determined by the number of identified subtopics)

is maintained;

2. CIR3 w/o Curmudgeon. In this variation, the curmudgeon agent is disabled to evaluate

the effect of introducing external variation to the writer’s sub-network.

For this study, 200 samples are randomly selected, equally split between both datasets, with

refinement cycles between writers capped at 12 for each input.
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Table 4.6: Effect of multi-perspective reasoning and Curmudgeon on Comprehensiveness and
Faithfulness.

Model Comprehensiveness Faithfulness Avg.

LLM-DP 0.7399 0.8221 0.7810

CIR3 0.9451 0.9895 0.9673
CIR3 w/o perspectives 0.9115 0.9653 0.9384

CIR3 w/o Curmudgeon 0.8370 0.9046 0.8708

The results in Table 4.6 demonstrate that CIR3 surpasses the two alternative variations.

Nonetheless, both variations outperform the baseline LLM-DP, providing some support for

the hypotheses.

Effect of multi-perspective reasoning. Table 4.6 shows that CIR3 w/o perspectives yields

inferior results compared to CIR3, suggesting that multi-perspective group debate contributes

to a comprehensive and faithful output, as proposed in H.2.
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Figure 4.2: Number of inner-refinement cycles (x-axis), given as intervals, required to process
the input documents (y-axis), given as percentage.

Table 4.7: Effect of Multi-Perspective Reasoning and Curmudgeon on Document Distribution
per Cycle.

Context Distribution Per

Refinement Cycle Ranges (%)

Model [0, 3] [4, 6] [7, 9] [10, 12]

LLM-DP 100 - - -

CIR3 04.00 76.00 19.50 00.50
CIR3 w/o perspectives 09.00 69.00 17.00 05.00
CIR3 w/o Curmudgeon 17.50 57.00 14.00 11.50

Effect of variation. Removing the disruptive signal, in CIR3 w/o Curmudgeon, significantly

impairs performance, reducing faithfulness by 8.49% and comprehensiveness by 10.81%. This

can be explained by examining the number of refinement cycles (given as intervals) required to

process the input documents, as in Figure 4.2. Compared to CIR3, and CIR3 w/o perspectives,

CIR3 w/o Curmudgeon shows a significant increase in the number of contexts falling within the

refinement cycle ranges [0, 3] and [10, 12], as shown in Table 4.7. For the interval [0, 3], CIR3
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w/o Curmudgeon exhibits a 13.5% increase compared to CIR3 and an 8.5% increase compared

to CIR3 w/o perspectives. Similarly, for the interval [10, 12], CIR3 w/o Curmudgeon shows an

11% increase over CIR3 and a 6.5% increase over CIR3 w/o perspectives. This aligns with

H.3, where the absence of variation can result in either (1) a potential immature collective

convergence (collapse) and loss of information, characterized by a small number of iterations

and potentially low comprehensiveness scores, or (2) a potential slow convergence, characterized

by a large number of iterations and a high likelihood of low faithfulness.

4.4.4.2 Ablation Studies: Curmudgeon Strategies

To evaluate the individual contributions of the curmudgeon agent and the Vendi diversity tool in

CIR3, comprehensive ablation studies are conducted under four experimental conditions using

200 documents uniformly sampled from the four datasets (50 each):

1. CIR3 (baseline): The curmudgeon agent combines its intrinsic knowledge with the Vendi

diversity tool.

2. CIR3 Intrinsic Only: The curmudgeon agent operates solely using its intrinsic knowl-

edge without access to the Vendi diversity tool.

3. CIR3 Vendi Only: A simplified configuration using only the Vendi tool for diversity

measurement (binary feedback15), with no curmudgeon agent providing qualitative feed-

back.

4. CIR3 Random Rejection: A control condition employing random feedback with an

acceptance probability of 0.35, eliminating both agent reasoning and diversity measure-

ment.

All configurations utilizing LLM agents employed GPT-4o-mini for its superior reasoning capa-

bilities and cost-efficiency. Ablation studies reveal distinct behavioral patterns across the four

configurations, measured by document distribution across outer refinement iteration intervals

and corresponding comprehensiveness scores.

Comprehensiveness Performance. As shown in Table 4.8, the CIR3 baseline achieved the

highest average comprehensiveness score at 0.9528, demonstrating the effectiveness of combining

15“QA pair meets or not diversity and / or alignment criteria.”
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Table 4.8: Ablation study of Curmudgeon feedback strategies.

Strategy Avg. Comp ↑ Avg. Faith↑ Avg. cycles ↓ % docs processed in:
[1,2] [3,4] [5,6]

CIR3 0.9528 0.9895 2.35 4.0 57.0 39.0
CIR3 Intrinsic Only 0.9223 0.9696 2.45 5.5 44.5 50.0
CIR3 Vendi Only 0.8893 0.9331 2.85 0.5 14.5 85.0

CIR3 Random Rejection 0.8167 0.8969 1.37 73.0 17.0 10.0

the reasoning of the curmudgeon agent with the diversity measurement tool. CIR3 Intrinsic

Only performed moderately well (0.9223) but showed reduced quality without diversity guid-

ance. CIR3 Vendi Only achieved lower comprehensiveness (0.8893), suggesting that diversity

measurement alone is insufficient for an effective quality assessment. The random rejection

baseline predictably performed the lowest (0.8167), reinforcing the need for intelligent feedback

mechanisms.
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Figure 4.3: Comparative analysis of four CIR3 variants, distinguished by their Curmudgeon
strategies, across defined outer-refinement cycle ranges. Bars show the percentage of documents
processed within each cycle range (left y-axis), and scatter points denote the average compre-

hensiveness score (right y-axis).

Document Distribution Patterns. As illustrated in Figure 4.3, the distribution of doc-

uments across refinement intervals [1,2], [3,4], and [5,6] revealed distinct processing patterns.

Random rejection processed 73% of documents within the first two cycles, indicating prema-

ture convergence (Comprehensiveness 0.8165). In contrast, CIR3 Vendi Only required extensive

refinement, with 85% of the documents needing 5-6 cycles, indicating slow convergence (Com-

prehensiveness 0.8709). The original CIR3 demonstrated a more balanced convergence, with

document distributions of 4%, 57% and 39% across the [1,2], [3,4], and [5,6] intervals, achieving

respective comprehensiveness scores of 0.9412, 0.9674, and 0.9499.
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Table 4.9: Document count percentage and comprehensiveness score progression for docu-
ments requiring exactly 5 outer refinement iterations.

Model Variant Doc % Iter 1 Iter 2 Iter 3 Iter 4 Iter 5 Improvement

CIR3 24.5% 0.7801 0.8795 0.9391 0.9437 0.9573 +0.1772
CIR3 Intrinsic Only 29.0% 0.7819 0.8553 0.9180 0.9193 0.9291 +0.1472

CIR3 Vendi Only 32.0% 0.7923 0.8333 0.8554 0.8622 0.8770 +0.0847
CIR3 Random Rejection 7.0% 0.7811 0.7886 0.7909 0.7991 0.7975 +0.0164

Complex Document Analysis. For the most challenging documents16, which required ex-

actly five refinement iterations (K − 1), CIR3 again showed superior performance, with a

significant improvement from 0.7801 to 0.9573 (+17.72% - Table 4.9). In contrast, CIR3 Vendi

Only exhibited the smallest improvement (0.7923 → 0.8770), as detailed in Figure 4.4. This

highlights the critical role of intelligent agent feedback in difficult refinement tasks.
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Figure 4.4: To analyze the behavior of different Curmudgeon strategies, this figure breaks
down performance on documents requiring exactly five outer refinement iterations, showing the
percentage of such documents (left) and the corresponding evolution of their comprehensiveness

score (right).

Key Finding. The ablation results demonstrate that: (1) the intrinsic reasoning capabilities of

the curmudgeon agent are the main driver of quality improvements, (2) the Vendi diversity tool

provides measurable enhancement when combined with the reasoning of the agent, (3) neither

component alone achieves the performance of the integrated system, and (4) the substantial

performance gap between random rejection and all other conditions validates the importance of

intelligent feedback in iterative refinement processes.

These findings confirm the synergistic benefit of integrating both components in CIR3. This

combination outperforms either element in isolation while achieving balanced convergence,

which is reflected in the high scores.

16These were among the most challenging documents, processed in five iterations, just below the maximum
limit (K = 6) used to halt refinement.
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4.5 Conclusion and Future Work

This work presented CIR3, a novel system for comprehensive and faithful QAG from informa-

tion dense documents. A key contribution lies in addressing the more challenging QAG task

compared to traditional QG, effectively navigating a constrained search space for unique and

relevant QA pairs. Notably, to the best of our knowledge, CIR3 is the first proposed QAG ap-

proach employing multi-agent LLMs, orchestrating information flow via transactive reasoning,

multi-perspective assessment, and balanced collective convergence. This chapter demonstrates

that integrating an external signal significantly enhances convergence and diversity within the

agent group, enabling efficient agreement on comprehensive and faithful QA pairs representing

core text concepts, a crucial aspect of CIR3’s design. To improve alignment with human eval-

uation, a custom metric was developed leveraging encoder and LLM-based scores on individual

and concatenated QA pairs, providing a refined quality assessment.

Empirical results confirm CIR3’s significant performance gains over strong baselines. A compre-

hensive evaluation of the classifier agent, covering cross-model semantic agreement, cross-domain

generalizability, and sensitivity to embedding choice using general-purpose and domain-informed

(AMLM-Fusion; Chapter 3) encoders, is provided in Chapter 5.

Future research aims to broaden the applicability of CIR3 across a diverse range of tasks, such

as summarization, information retrieval, and multi-modal applications.



Chapter 5

Consensus without Gold: Semantic

Agreement and Reliability for

Language Model Evaluation

Abstract. Evaluation in specialized NLP domains is constrained by the scarcity of high-quality

human annotations, which limits the measurement and comparison of semantic systems. We

propose a consensus-based, gold-free evaluation framework that induces a semantic baseline from

multiple model outputs and quantifies its stability using inter-rater reliability. The approach

represents candidate outputs with dense embeddings, forms multi-granularity clusters to derive

consensus concepts, and computes reliability with Krippendorff’s Alpha on the induced labels.

Target systems are compared to the consensus using complementary agreement metrics that

capture both many-to-many overlap and one-to-one alignment, with scores averaged across clus-

tering thresholds for robustness. We validate the framework through two complementary studies

using subtopic identification as the application domain. Study A assesses cross-domain behav-

ior, while Study B examines sensitivity to embedding backbones by comparing general-purpose

and domain-informed encoders, with both following the same evaluation procedure. Empiri-

cal findings indicate that the framework produces stable consensus baselines (α ≈ 0.92 − 0.94)

and maintains consistent alignment with target systems across domains and embedding models.

These outcomes support systematic, annotation-free evaluation, enabling reliable assessment of

semantic fidelity. Differences across embedding backbones remain low, underscoring the frame-

work’s generalizability and robustness.

90
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5.1 Introduction

Evaluation is a central bottleneck for natural language processing in specialized domains. High-

quality human annotation requires domain expertise, which makes large-scale gold-standard

datasets expensive and slow to produce. This scarcity undermines the ability to measure

progress, compare systems, and identify systematic failure modes, creating a practical obstacle

for research and deployment in regulated or technical domains.

Existing alternatives reduce annotation cost but have limitations for assessing semantic fidelity.

Self-consistency checks can reveal certain reasoning failures but do not directly assess whether

generated outputs preserve the source meaning [12]. Reference-free metrics based on intrinsic

model statistics show only modest correlation with semantic quality in many settings [13, 14].

Approaches that treat a single LLM as a judge show promise but risk model-specific bias and

lack formal reliability guarantees [15, 150]. SEED [227] illustrates how continuous embeddings

derived from a single pretrained encoder can support few-shot, prototype-based claim verifica-

tion, yet it remains a supervised, label-dependent classifier over individual claim-evidence pairs

and does not offer a gold-free or consensus-based view of semantic structure across multiple

model outputs. ChatEval [132] examines voting and debate strategies among language models

for discrete decisions, relying on categorical labels or exact matches. These techniques highlight

the value of multi-model agreement, but they do not include formal reliability estimation and

do not assess consistency across diverse embedding spaces.

This chapter proposes a general, gold-free evaluation methodology that addresses these limita-

tions by combining multi-model aggregation with principled reliability estimation. Rather than

relying on a single judge or on scarce human labels, the method induces a semantic baseline from

the collective outputs of multiple diverse models and quantifies the stability of that baseline us-

ing inter-rater reliability (IRR) measures. Key design goals are: the ability to operate without

human labels, mitigation of single-model bias via multiple evaluators, statistical assessment of

consensus reliability, and accommodation of semantic equivalence despite lexical variation.

Methodologically, the framework represents candidate outputs with dense semantic embeddings,

groups them at multiple granularities using agglomerative clustering, and converts cluster as-

signments into concept labels for reliability analysis. Reliability is estimated with Krippendorff’s

Alpha computed over induced cluster labels, providing a principled measure that handles vary-

ing annotator counts and missing assignments [228, 154]. Target systems are then compared
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to the induced consensus using complementary agreement metrics that capture both many-to-

many and one-to-one semantic correspondence. Averaging results across clustering granularities

yields stable, interpretable summary scores.

The approach is intended as a general evaluation layer applicable wherever semantic equiva-

lence is the primary concern. In this chapter, we validate the methodology through a focused

application to subtopic identification, where outputs are generative and lexical variation is com-

mon. We also report cross-domain experiments and sensitivity analyses for different embedding

backbones to assess the method’s robustness and generality.

5.1.1 Research Questions

To guide the study, we formulate the following research questions:

1. RQ1: How reliable is a semantic consensus induced from multiple LLMs for evaluation of

generative semantic tasks when agglomerative clustering is applied across different thresh-

old configurations?

2. RQ2: Does a holistic, consensus-based evaluation provide complementary, unique insights

compared to direct pairwise comparison metrics when assessing target systems against an

induced consensus baseline?

3. RQ3: How generalizable is the proposed framework across domains and how sensitive

are conclusions to the choice of embedding backbone, including domain-informed versus

general-purpose encoders?

To address these questions, we make the following contributions:

� We develop a two-stage, cross-model consensus methodology that induces a semantically

grounded baseline from multiple LLM outputs using multi-granularity clustering and prin-

cipled reliability estimation.

� We operationalize reliability assessment by computing a flexible measure of IRR (Krippen-

dorff’s Alpha) on induced conceptual labels and aggregating reliability estimates across

clustering thresholds to improve stability.
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� We propose complementary agreement metrics for evaluating target systems against the

induced consensus, capturing both many-to-many semantic overlap and optimal one-to-

one alignment, and average scores across thresholds for robust scoring.

� We validate the methodology empirically through cross-domain experiments and encoder-

sensitivity analyses, using subtopic identification as a focused application to demonstrate

the framework’s behaviour in generative outputs.

The remainder of the chapter presents the proposed framework and its empirical validation.

Section 5.2 presents the two-stage semantic evaluation approach, detailing both pairwise and

holistic evaluations. Section 5.3 describes the experimental setup, including datasets, consensus

models, and evaluation protocols. Section 5.4 reports results and analyses across domains and

embedding models. Finally, Section 5.5 concludes with a discussion of findings and future

research directions.

5.1.2 Objectives and Scope

The primary objective of this chapter is to introduce and validate a consensus-based evaluation

framework that operates without human gold standards (addresses RQ 1 and RQ 2). We also

pursue two secondary objectives that connect this chapter to the rest of the dissertation: (i)

benchmark the CIR3 classifier agent (Chapter 4) within the consensus framework, and (ii) assess

embedding-model sensitivity by comparing general-purpose (BGE-Large) with domain-informed

(AMLM-Fusion from Chapter 3) encoders (addresses RQ 3). This design positions consensus

as the central contribution while establishing coherence with prior chapters.

5.2 Methodology

This section presents a two-stage cross-model semantic evaluation framework designed to ad-

dress the research questions outlined above. The framework employs two complementary evalu-

ation approaches: (1) direct pairwise semantic agreement evaluation, which compares individual

model outputs using standard similarity metrics, and (2) holistic consensus-based evaluation,

which establishes a reliable consensus baseline through multi-model clustering and evaluates

target systems against this consensus using semantic agreement metrics.
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Figure 5.1: Two-stage evaluation framework. In Stage 1 (Consensus Establishment; steps 1–
6), outputs from multiple LLMs are pooled, embedded, and clustered across a set of thresholds
(T ) to derive a consensus baseline, with reliability quantified by the averaged Krippendorff’s
Alpha (αfinal). In Stage 2 (Target System Evaluation; steps 7–13), the target system’s outputs
are compared against the consensus outputs to compute final Soft-F1 and Bipartite-F1 agree-

ment scores, averaged across all thresholds.
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Figure 5.1 provides a high-level overview of the holistic, two-stage consensus-based evaluation

framework (Stage 1: consensus establishment; Stage 2: target-system evaluation). The pairwise

evaluation approach is described separately in Section 5.2.2.

5.2.1 Output Representation: Semantic Embeddings

The framework is encoder-agnostic and can operate with any embedder. In our validation

studies, we use a general-purpose encoder (BGE-Large) as the baseline and compare it with

domain-informed alternatives (AMLM-Fusion; Chapter 3) to assess embedding sensitivity and

cross-chapter integration, addressing RQ 3.

Each output s is represented as a dense vector embedding using a sentence encoder:

E(s) = SentenceEncoder(s) ∈ Rd (5.1)

where d ∈ {768, 1024} is the embedding dimension. These embeddings are used throughout

the evaluation framework: in Stage 1 for clustering outputs (Figure 5.1 2 ) and agglomerative

clustering (Figure 5.1 3 ), and in Stage 2 for embedding target system outputs (Figure 5.1 7 )

and comparing them against consensus outputs (Figure 5.1 8 ).

The cosine similarity between embeddings is computed as:

sim(si, sj) =
E(si) · E(sj)

∥E(si)∥2∥E(sj)∥2
(5.2)

where E(·) denotes the embedding function that maps s to its vector representation. Before

computing similarity, all embeddings are L2-normalized to unit length, so cosine similarity is

numerically equal to the dot product between the resulting unit vectors, with values in [−1, 1].

To obtain a similarity score bounded between 0 and 1, we rescale the cosine similarity as:

˜sim(si, sj) =
sim(si, sj) + 1

2
(5.3)

5.2.2 Pairwise Semantic Agreement

Direct agreement between the target system and each reference model (the individual LLMs

used as evaluators) is quantified using four complementary metrics. The similarity threshold θ

is used for determining valid matches in Soft-F1 and Bipartite-F1 calculations.
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Given target system outputs Ltarget = {s1,i}mi=1 and reference model outputs Lref = {s2,j}nj=1,

where m = |Ltarget| and n = |Lref| denote the number of outputs in each collection, respectively,

we compute the following four metrics:

1. Jaccard Similarity. The overlap of unique outputs is measured as an exact string matching

baseline, providing a lower-bound comparison for semantic similarity methods:

J(Ltarget, Lref) =
|Ltarget ∩ Lref|
|Ltarget ∪ Lref|

(5.4)

where J ∈ [0, 1] with J = 1 indicating perfect overlap and J = 0 indicating no overlap.

2. Soft-F1 Score. Precision and recall are measured based on cosine similarity between output

embeddings using the threshold θ. This approach allows many-to-many matching, where each

output can match with multiple outputs from the other list based on semantic similarity:

Psoft =
1

m

m∑
i=1

I
(
max

j
sim(s1,i, s2,j) ≥ θ

)
(5.5)

Rsoft =
1

n

n∑
j=1

I
(
max

i
sim(s1,i, s2,j) ≥ θ

)
(5.6)

F1soft =


2 · Psoft ·Rsoft

Psoft +Rsoft
if Psoft +Rsoft > 0

0 otherwise

(5.7)

where θ ∈ [0, 1] denotes the cosine similarity threshold used for matching and I(·) is the indicator

function, returning 1 if the condition is true and 0 otherwise. Higher Soft-F1 scores indicate bet-

ter semantic agreement, with F1soft = 1 representing perfect many-to-many semantic alignment

and F1soft = 0 indicating no cosine similarity matches above the threshold θ.

Note that since multiple outputs can match the same counterpart, precision and recall may

both appear high even when semantic overlap is partial, making Soft-F1 particularly suitable

for capturing semantic flexibility and handling cases where multiple outputs express similar

concepts. However, this flexibility may not reflect the true correspondence quality when strict

alignment is desired. To complement this approach, we employ bipartite matching to enforce

optimal one-to-one semantic correspondence, providing a more stringent evaluation that ensures

each output is matched to at most one counterpart.
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3. Bipartite Matching (Hungarian Algorithm-based F1). To evaluate strict one-to-one

semantic alignment between outputs from two lists, we employ the Hungarian algorithm, which

computes the optimal assignment in a weighted bipartite graph. Here, the two disjoint sets of

nodes correspond to the outputs from the two lists:

S1 = {s1,1, . . . , s1,m}, S2 = {s2,1, . . . , s2,n}.

We construct a cost matrix based on cosine similarity:

Cij = 1− sim(s1,i, s2,j), (5.8)

where sim(s1,i, s2,j) ∈ [0, 1] is the cosine similarity between output embeddings. High similarity

corresponds to low cost, so minimizing total cost is equivalent to maximizing total similarity.

The optimal one-to-one assignment π∗ is obtained by solving:

π∗ = argmin
π∈Π

min(m,n)∑
i=1

Ci,π(i), (5.9)

where Π is the set of all valid one-to-one assignments (permutations) between the two lists.

This ensures that each output is matched to at most one counterpart in the other list. When

m ̸= n, only min(m,n) outputs from each list are matched; the remaining |m− n| outputs are

left unmatched and do not contribute to the valid match count.

We then count valid matches that exceed a similarity threshold θ:

VM =

min(m,n)∑
i=1

I[sim(s1,i, s2,π(i)) ≥ θ], (5.10)

where I(·) is the indicator function, returning 1 if the condition is true and 0 otherwise.

The corresponding precision, recall, and F1 score are:

Pbip =
VM

m
, Rbip =

VM

n
, F1bip =


2 · Pbip ·Rbip

Pbip +Rbip
, if Pbip +Rbip > 0,

0, otherwise.

(5.11)
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Here, F1bip ∈ [0, 1] with 1 indicating perfect one-to-one semantic alignment and 0 indicat-

ing no valid matches above θ. Compared to Soft-F1, this metric enforces a strict one-to-one

correspondence, providing a more conservative evaluation of semantic agreement.

4. Average Cosine Similarity (Avg-Cosine). As a complementary measure, we compute

the mean pairwise cosine similarity between all embeddings from the two output lists:

AvgCos(Ltarget, Lref) =
1

m · n

m∑
i=1

n∑
j=1

sim(s1,i, s2,j), (5.12)

where sim(s1,i, s2,j) denotes the cosine similarity between embeddings.

Cosine similarity lies in the range [−1, 1]. Although sentence encoders often yield values con-

centrated in a narrower region (often near [0, 1]), we preserve the theoretical bounds and apply

the linear mapping:

AvgCos[0,1] =
AvgCos + 1

2
,

which transforms scores to [0, 1] while maintaining relative distances. Higher AvgCos[0,1] values

indicate stronger overall semantic similarity between the two output lists.

In contrast to Soft-F1 and Bipartite-F1, which rely on threshold-based alignment and impose

explicit many-to-many or one-to-one matching structures, AvgCos[0,1] captures continuous se-

mantic proximity across all pairwise combinations without enforcing any matching constraints.

This provides a holistic similarity signal that is less sensitive to threshold selection and comple-

ments alignment-based metrics by reflecting global semantic relatedness between the two output

sets. One limitation is that all pairs contribute equally, so redundant or loosely related outputs

can bias the average similarity score by introducing noise or diluting the discriminative power

of the metric.

5.2.3 Holistic Consensus-based Evaluation

To provide a more comprehensive evaluation, we establish a cross-model semantic consensus

and assess the target system against this consensus baseline. This holistic two-stage framework

comprises: (1) establishing cross-model semantic consensus through multi-threshold clustering,

and (2) evaluating the target system against this consensus using semantic agreement metrics

(addressing RQ 1 and RQ 2). Critically, the target system is excluded from consensus formation

in Stage 1 to ensure an independent reference baseline.
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The clustering threshold τ controls the semantic granularity of consensus formation, while the

similarity threshold θ determines valid matches in the Soft-F1 and Bipartite-F1 evaluations. In-

tegrating both stages enables a robust analysis that goes beyond direct pairwise comparisons by

first constructing a reliable consensus baseline and then quantifying the target system’s seman-

tic alignment using complementary evaluation metrics. The complete procedure is summarized

in Algorithm 4 and illustrated in Figure 5.1.

5.2.3.1 Stage 1: Consensus Establishment via Semantic Clustering

The first stage establishes a shared semantic baseline through clustering across multiple thresh-

olds. For each document, outputs generated by all consensus models are aggregated (Fig-

ure 5.1 1 ) and converted into dense vector embeddings (Figure 5.1 2 ).

Agglomerative clustering (Figure 5.1 3 ) is applied to group semantically coherent concepts

(Figure 5.1 4 ). Clustering is performed over a range of distance thresholds T to ensure ro-

bustness. Within each cluster Ck containing nk embeddings {e1, . . . , enk
}, the cluster centroid

is computed as the mean embedding:

ck =
1

nk

nk∑
i=1

ei. (5.13)

The canonical representative for the cluster is selected as the most frequent output. In the

event of a tie, the candidate whose embedding ei is closest to the centroid by cosine similarity

is chosen:

s∗ = arg max
si∈Ck

sim(ei, ck), (5.14)

where sim(·, ·) denotes cosine similarity. This procedure ensures that each cluster is repre-

sented by a semantically central, frequently occurring output (GetClusterRepresentatives in

Algorithm 4).

Consensus reliability is quantified using Krippendorff’s Alpha, computed on nominal conceptual

labels derived from clustering (Figure 5.1 5 ). For each threshold τ and document d, each model

m’s output smi is assigned a cluster label ℓmi (τ) corresponding to the cluster it belongs to after

agglomerative clustering. Krippendorff’s Alpha is then computed on the resulting label matrix,

where rows correspond to output positions and columns correspond to models, measuring how

consistently models assign outputs to the same conceptual clusters.
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Importantly, Alpha is computed globally across all documents for each threshold τ , pooling

cluster labels from all documents to produce a single ατ value. This ensures that reliability

reflects cross-document consistency rather than averaging potentially unstable per-document

estimates. The final reliability score, αfinal, is obtained by averaging α values across all thresholds

(Figure 5.1 6 ). We report per-threshold α(τ) with 95% bootstrap confidence intervals, as well

as αfinal with a 95% bootstrap confidence interval computed by resampling documents and

averaging α(τ) within each draw.

The consensus output list at threshold τ is denoted as Lconsensus(τ) = {ŝk(τ)}Kτ
k=1, where Kτ is

the number of clusters and each ŝk(τ) is the canonical (most frequent) output within its cluster.

This list serves as the reference baseline for evaluating the target system.

For each document d, outputs from all models are pooled as:

Sd =
⋃

m∈{LLMs}

Sm
d . (5.15)

Agglomerative clustering uses cosine distance with average linkage:

dcosine(E(si), E(sj)) = 1− sim(si, sj), (5.16)

davg(Cp, Cq) =
1

|Cp| · |Cq|
∑
si∈Cp

∑
sj∈Cq

dcosine(E(si), E(sj)). (5.17)

Thresholds τ are selected to span a range from fine-grained to coarse-grained semantic groupings.

Consensus Reliability. Krippendorff’s Alpha quantifies the reliability of the consensus clus-

tering by measuring how consistently different models assign outputs to the same conceptual

clusters. It evaluates the extent to which agreement among models exceeds what would be

expected by chance.

Formally, for each threshold configuration, Krippendorff’s Alpha is defined as:

α = 1− Do

De
, (5.18)

where Do denotes the observed disagreement among models, reflecting how often their output

assignments differ, and De represents the expected disagreement under statistical independence

(i.e., if models were labeling randomly).
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An α value of 1 indicates perfect consensus, while α = 0 implies agreement no better than chance.

Negative values indicate systematic disagreement. To obtain a robust reliability estimate across

clustering granularities, the final reliability score is averaged across all thresholds:

αfinal =
1

|T |
∑
τ∈T

ατ . (5.19)

This averaging accounts for variations in cluster granularity and ensures that the consensus

reliability reflects stable semantic agreement across multiple levels of abstraction rather than

depending on a single threshold configuration.

The resulting Lconsensus(τ) and αfinal define the consensus baseline for target system evaluation.

Once the consensus clusters and reliability are established, the second stage measures how

closely the target system’s output structures align with this consensus. This ensures evaluation

is grounded in a cross-model, semantically validated reference rather than a single model’s

perspective.

5.2.3.2 Stage 2: Target System Evaluation Against Consensus

In the second stage, the target system’s outputs are evaluated against the consensus baseline us-

ing semantic agreement metrics (addressing RQ 2). For each document, target system-generated

outputs (Figure 5.1 7 ) are embedded (Figure 5.1 8 ) and compared with the consensus outputs

from Stage 1 (Figure 5.1 9 ).

Two complementary agreement scores are computed for each document d and threshold τ :

Soft-F1 and Bipartite-F1 (Figure 5.1 10 , 11 ). Final scores are obtained by first averaging

document-level results for each threshold, then averaging across thresholds (Figure 5.1 12 - 13 ).

A. Soft-F1 Evaluation. Target system outputs are compared with the consensus outputs

Lconsensus(τ) using the Soft-F1 metric (Equations 5.5-5.7). For each threshold τ and document

d, we compute F1dsoft(τ). The final score averages across documents and thresholds:

Soft-F1final =
1

|T |
∑
τ∈T

[
1

|D|
∑
d∈D

F1dsoft(τ)

]
. (5.20)
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B. Bipartite Matching Evaluation. Target system outputs are optimally aligned with

consensus outputs Lconsensus(τ) using the Hungarian algorithm (Equations 5.8-5.11). Bipartite-

F1 scores are computed for each document and threshold, then averaged:

Bipartite-F1final =
1

|T |
∑
τ∈T

[
1

|D|
∑
d∈D

F1dbip(τ)

]
. (5.21)

Both metrics are computed per document and averaged across thresholds to produce consensus-

validated agreement scores. Soft-F1 captures many-to-many semantic overlap, while Bipartite-

F1 enforces strict one-to-one correspondence, offering complementary perspectives on the target

system’s semantic alignment.

Algorithm 4 Cross-Model Semantic Evaluation Framework

Require:
Document set D
Consensus modelsM = {Claude Sonnet 4, GPT-4o-mini, Google/Gemma-27B-IT}
Target system
Clustering thresholds T = {0.3, 0.35, 0.4, 0.45, 0.5}

Ensure: Cross-model reliability αfinal, target system semantic agreement scores
1: Stage 1: Consensus Establishment
2: for d ∈ D do
3: Sd ←

⋃
m∈M Sm

d ▷ Pool outputs from all models (Eq. 5.15)
4: Ed ← {E(s) : s ∈ Sd} ▷ Compute embeddings (Eq. 5.1)
5: for τ ∈ T do
6: Cd(τ)← AgglomerativeClustering(Ed, τ) ▷ Cosine distance + average linkage (Eqs. 5.16-5.17)
7: Collect cluster labels ℓmi (τ) for all models m ∈M ▷ Assign conceptual labels per model
8: end for
9: end for

10: for τ ∈ T do
11: ατ ← KrippendorffAlpha({ℓmi (τ) : ∀d,m}) ▷ Global reliability across all documents (Eq. 5.18)
12: end for
13: αfinal ← 1

|T |
∑

τ∈T ατ ▷ Average across thresholds (Eq. 5.19)
14: Stage 2: Target System Evaluation
15: for d ∈ D do
16: Sd

target ← TargetSystem(d) ▷ Generate target system outputs for document d
17: Ed

target ← {E(s) : s ∈ Sd
target} ▷ Compute embeddings for target system outputs

18: for τ ∈ T do
19: Sd

consensus(τ)← GetClusterRepresentatives(Cd(τ)) ▷ Canonical outputs per cluster
20: F1dsoft(τ)← SoftF1(Ed

target, S
d
consensus(τ)) ▷ Many-to-many matching (Eq. 5.7)

21: F1dbip(τ)← BipartiteF1(Ed
target, S

d
consensus(τ)) ▷ One-to-one matching (Eq. 5.11)

22: end for
23: end for
24: Soft-F1final ← 1

|T |
∑

τ∈T
1

|D|
∑

d∈D F1dsoft(τ) ▷ Average Soft-F1 (Eq. 5.20)

25: Bipartite-F1final ← 1
|T |

∑
τ∈T

1
|D|

∑
d∈D F1dbip(τ) ▷ Average Bipartite-F1 (Eq. 5.21)

In contrast to direct pairwise evaluations such as Soft-F1, Bipartite-F1, or Avg-Cosine, which

measure similarity between individual systems, the proposed consensus-based framework intro-

duces an intermediate semantic baseline that aggregates outputs across multiple models. This

baseline acts as a shared, model-agnostic reference that mitigates bias arising from asymmetric
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comparisons and model-specific representations. By clustering semantically related outputs and

validating their reliability through Krippendorff’s Alpha, the framework captures a higher-order

semantic agreement that direct pairwise methods cannot fully reflect. Evaluating the target

system against this consensus therefore provides a more stable and interpretable assessment of

cross-model semantic alignment.

5.3 Experiments

We evaluate the proposed framework using CIR3 as the target system through two comple-

mentary studies: Study A (Cross-domain; Single Encoder), which examines robustness

across dataset domains using a single embedding model, and Study B (Cross-encoder; In-

domain), which investigates sensitivity to embedding backbones within a single domain.

Both studies employ two evaluation approaches (Section 5.2): (1) pairwise semantic agree-

ment evaluation comparing CIR3 against individual reference models using Jaccard, Soft-F1,

Bipartite-F1, and Avg-Cosine metrics (Section 5.2.2); and (2) holistic consensus-based evalua-

tion, which establishes a consensus baseline through multi-threshold clustering (Stage 1) and

evaluates CIR3 against this consensus using Soft-F1 and Bipartite-F1 (Stage 2; Section 5.2.3).

5.3.1 Dataset and Target System

The CIR3 classifier agent serves as the target system, processing documents to identify relevant

subtopics. These outputs are evaluated against individual reference models (pairwise evalua-

tion; Section 5.2.2) and consensus outputs (holistic evaluation; Section 5.2.3). Consistent with

Chapter 4 (Section 4.3), we adopt the same datasets and preprocessing procedures.

5.3.2 Experimental Design

We conduct two complementary studies to assess cross-domain robustness and embedding-model

sensitivity of the proposed framework:

� Study A (Cross-domain, 400 docs): Assesses CIR3 on finance and medical corpora

(200 documents each, Chapter 4) to evaluate cross-domain robustness and semantic agree-

ment under both pairwise and holistic consensus approaches (RQ 1, RQ 2).
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� Study B (Finance-only, 1,000 docs): Investigates embedding-model sensitivity, on

finance corpora (Chapter 4), by comparing two embedding backbones, BGE-Large and

AMLM-Fusion, for semantic alignment (RQ 3). BGE-Large is chosen for its strong perfor-

mance and demonstrated cross-domain generalization.

All other experimental settings are held constant across both studies, including data prepro-

cessing, consensus models, distance thresholds T , and similarity threshold θ.

5.3.3 Consensus Models

Three diverse LLMs are employed as consensus models to capture varied semantic perspectives:

� GPT-4o-mini [40]: OpenAI’s efficient variant providing rapid inference with strong rea-

soning capabilities.

� Gemma-3-27B-it [38]: Google’s instruction-tuned model offering alternative architec-

tural perspectives.

� Claude Sonnet 4 [39]: Anthropic’s advanced model with distinct training methodology

and capabilities.

Cumulatively, this set spans distinct training paradigms and alignment practices (OpenAI,

Google, Anthropic), which improves consensus robustness by aggregating perspectives that dif-

fer in data curation, safety alignment, and decoding behavior. CIR3 outputs are excluded

from consensus establishment in Stage 1. Consensus generation uses fixed decoding settings:

temperature = 0.1, top-p = 0.5.

5.3.4 Implementation Parameters

� Clustering: Agglomerative clustering with cosine distance and average linkage.

� Thresholds: Multi-threshold evaluation with τ ∈ {0.30, 0.35, 0.40, 0.45, 0.50}1 and se-

mantic matching threshold θ = 0.7.

� Reliability: Krippendorff’s Alpha computed via simpledorff [229] library.

1Lower τ values tend to fragment semantically related concepts, whereas higher values risk conflating distinct
ones. The range τ ∈ {0.30, 0.35, 0.40, 0.45, 0.50} provides an effective compromise in semantic granularity and is
validated through preliminary experiments.



Consensus without Gold: Semantic Agreement and Reliability for LM Evaluation 105

� Evaluation Metrics: Pairwise evaluation uses Jaccard, Soft-F1, Bipartite-F1, and Avg-

Cosine. Holistic evaluation uses Soft-F1 and Bipartite-F1, both averaged across thresholds.

� Reproducibility: Random seeds are fixed for Python’s random, NumPy, and PyTorch.

� Sensitivity: We probe θ ∈ [0.60, 0.80] and observe stable trends; main tables use θ = 0.7.

Table 5.1: Experimental Setup for Studies A and B.

Study A Study B

Documents 400 1,000
Domain Finance / Medical Finance
Embedding BGE (1024-d) BGE-Large / AMLM-Fusion

Shared Parameters

Consensus Models GPT-4o-mini, Gemma-3-27B-it, Claude Sonnet 4
Clustering Thresholds (τ) {0.30, 0.35, 0.40, 0.45, 0.50}
Similarity Threshold (θ) 0.7
Stage 2 Metrics Soft-F1, Bipartite-F1
Reliability (Stage 1): Krippendorff’s Alpha α averaged over T

Table 5.1 summarizes the experimental parameters for both studies.

Table 5.2: Hardware and Software Used for Experiments.

Component Specification Component Specification

NVIDIA GeForce RTX 3080 Intel Core i9-10980HK
CUDA Cores: 6144 CPU 8 cores / 16 threads
Memory bandwidth: 448.06 GB/s 2.40GHz, x86 64

GPU VRAM: 16384 MB GDDR6
Shared system memory: 16265 MB RAM 16.65GB
CUDA 12.8
cuDNN 9.7.1 OS Debian GNU/Linux 12 (bookworm)

Hardware and software environment parameters are listed in Table 5.2.

5.3.5 Statistical Analysis

Document-level agreement scores are analyzed using paired two-sided t-tests. To assess con-

cordance between matching strategies, we compute Pearson correlations between Soft-F1 and

Bipartite-F1 scores, with Spearman ρ computed as a rank-based robustness check. In Study B,

we additionally compute document-level correlations between BGE-Large and AMLM-Fusion

agreement scores to evaluate embedding-model sensitivity.
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We report 95% confidence intervals alongside mean ± standard deviation where applicable. For

agreement means (Soft-F1, Bipartite-F1), we use t-based confidence intervals with df = N − 1:

CI95 = x̄± t0.975, N−1
s√
N

,

where x̄ is the sample mean, s the sample standard deviation, and N the number of documents.

Krippendorff’s α is reported as a point estimate averaged across thresholds.

5.3.6 Interpretation Guidelines

� Consensus Reliability: We follow Krippendorff’s guidelines [157, 230]: α ≥ 0.800 indi-

cates high reliability; 0.667 ≤ α < 0.800 permits tentative conclusions; α < 0.667 indicates

insufficient reliability.

� CIR3 Performance: High Soft-F1 and Bipartite-F1 scores indicate strong alignment

with consensus.

� Embedding Robustness: High consistency between BGE-Large and AMLM-Fusion

demonstrates that the framework remains stable across different encoder backbones, con-

sistent with observations from Chapter 3 (Sections 3.3.3.1 and 3.4.2).

� Threshold Sensitivity: Multi-threshold evaluation provides insight into optimal clus-

tering parameters.

� Metric Concordance: Correlations between pairwise and holistic metrics validate com-

plementary perspectives.

5.4 Results

We report results from both studies. Study A examines consensus reliability across domains and

compares pairwise versus holistic evaluation approaches, addressing RQ 1 and RQ 2. Study B

evaluates embedding robustness within the finance domain, addressing RQ 3. Agreement com-

putations use the same sentence encoder employed to derive Lconsensus(τ).
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5.4.1 Study A: Cross-domain Evaluation

Table 5.3: Cross-Domain Similarity Agreement Metrics for Subtopic Identification (N=200 per domain).

Metric FiQA/InsurQA MedQA/MedMCQA

Pairwise Semantic Agreement (Mean ± Std)

Jaccard 0.5530 ± 0.2819 0.5403 ± 0.2938

Soft-F1 0.9161 ± 0.1060 0.9157 ± 0.0993

Bipartite 0.8388 ± 0.1596 0.8198 ± 0.1538

Avg-Cosine 0.7093 ± 0.0368 0.7074 ± 0.0332

Holistic Semantic Agreement

Cross-Model Reliability (α) 0.9338 0.9207

CIR3 Semantic Agreement 0.9434 ± 0.0491 [95% CI: 0.9366–0.9502] 0.9316 ± 0.0473 [95% CI: 0.9250–0.9382]

95% CIs computed from sample mean and standard deviation using the t critical value with df = N−1 (N as specified for each

study/domain).

Table 5.3 presents comprehensive evaluation results across both pairwise and holistic metrics.

5.4.1.1 Pairwise Semantic Agreement

Pairwise semantic agreement metrics demonstrate strong performance across both domains.

Soft-F1 scores of 0.9161 (finance) and 0.9157 (medical) indicate strong many-to-many semantic

alignment. Bipartite-F1 scores of 0.8388 (finance) and 0.8198 (medical) provide more conser-

vative one-to-one matching evaluation. Jaccard scores are lower (0.5530 and 0.5403), reflecting

the stricter nature of this metric in requiring exact token overlap.

5.4.1.2 Holistic Consensus-Based Evaluation

Holistic consensus-based evaluation (addressing RQ 1) demonstrates strong reliability, with

Krippendorff’s Alpha of 0.9338 (finance) and 0.9207 (medical) indicating robust inter-model

agreement. Averaging α across thresholds reduces sensitivity to clustering granularity.

CIR3 achieves high semantic agreement with the consensus, with Soft-F1 scores of 0.9434 (fi-

nance) and 0.9316 (medical), demonstrating strong alignment with the consensus baseline (ad-

dressing RQ 2) and supporting the robustness of the holistic consensus-based evaluation frame-

work. The slightly higher agreement in finance likely reflects its more controlled, domain-specific

vocabulary. Overall, these results show that the framework produces stable, reliable semantic

baselines across domains while CIR3 consistently aligns with the multi-model consensus.
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5.4.1.3 Document-Level Performance Distribution

To assess consistency in subtopic prediction, we analyze the distribution of Bipartite-F1 scores

across 400 documents. Bipartite-F1 was chosen for its higher standard deviation (Table 5.3),

making it particularly sensitive to performance variation and a suitable measure for evaluating

classifier agreement.

Table 5.4: Statistics of Classifier Bipartite F1 Scores across 400 Documents.

Score Doc Avg Median Min Max CIR3
Interval Count (%) Score Comp Faith

(0.50, 0.66] 4 0.600 0.600 0.600 0.600 0.880 0.923
(0.66, 0.75] 22 0.724 0.733 0.667 0.733 0.918 0.958
(0.75, 1.00] 74 0.875 0.867 0.800 1.000 0.949 0.994
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Figure 5.2: Study A (N=400): Distribution of 400 documents (200 finance, 200 medical)
across Bipartite-F1 intervals for CIR3.

Analysis of Study A (Table 5.4, Figure 5.2) shows strong semantic alignment between CIR3 and

the reference models: 74% of documents fall in the highest agreement interval (0.75, 1], 22% in

(0.66, 0.75], and only 4% ≤ 0.66, with no document below 0.60. This indicates stable classifier

behavior and a practical lower bound for one-to-one semantic agreement.

System-level Comprehensiveness and Faithfulness increase with Bipartite-F1, reaching 0.949

and 0.994, respectively, in the top interval. This correlation demonstrates that documents with

higher classifier agreement corresponds to stronger end-task performance, providing indirect
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extrinsic validation of CIR3 and supporting the reliability of the holistic consensus-based eval-

uation framework. The framework thus produces meaningful, stable semantic baselines aligned

with downstream system performance of CIR3.

5.4.2 Study B: Embedding Robustness Evaluation

Study B evaluates embedding robustness by comparing BGE-Large and AMLM-Fusion on 1,000

finance documents (addressing RQ 3), holding all other experimental settings constant (datasets,

consensus models, distance thresholds T , and similarity threshold θ).

Table 5.5: Finance (N=1,000): Similarity Agreement Metrics by Embedding Backbone.

Metric BGE-Large AMLM-Fusion

Pairwise Semantic Agreement (Mean ± Std)

Jaccard 0.5416 ± 0.2829
Soft-F1 0.9119 ± 0.1028 0.9286 ± 0.1160
Bipartite 0.8293 ± 0.1547 0.8573 ± 0.1606
Avg-Cosine 0.6997 ± 0.0353 0.7080 ± 0.0603

Holistic Semantic Agreement

Krippendorff’s Alpha Reliability (α) 0.9413 0.9365
CIR3 Semantic Agreement (Soft-F1) 0.9434 ± 0.0491 [95% CI: 0.9404–0.9464] 0.9541 ± 0.0564 [95% CI: 0.9506–0.9576]
CIR3 Semantic Agreement (Bipartite F1) 0.8213 ± 0.1541 [95% CI: 0.8117–0.8309] 0.8449 ± 0.1595 [95% CI: 0.8350–0.8548]

95% CIs computed from sample mean and standard deviation using the t critical value with df = N−1 (N=1,000 documents per model).

Table 5.5 reports evaluation results across pairwise and holistic metrics, demonstrating consis-

tent performance across embedding backbones.

5.4.2.1 Pairwise Semantic Agreement

Pairwise metrics indicate strong performance, with Soft-F1 scores of 0.9119 (BGE) and 0.9286

(AMLM-Fusion), and Bipartite-F1 scores of 0.8293 (BGE) and 0.8573 (AMLM-Fusion). Soft-F1

reflects the flexibility of many-to-many matching, while Bipartite-F1 provides a more conserva-

tive one-to-one evaluation, capturing strict semantic alignment.

5.4.2.2 Holistic Consensus-Based Evaluation

Holistic consensus-based evaluation shows similarly strong agreement: Soft-F1 of 0.9434 (BGE)

and 0.9541 (AMLM-Fusion), and Bipartite-F1 of 0.8213 (BGE) and 0.8449 (AMLM-Fusion).

AMLM-Fusion demonstrates marginally higher performance in both pairwise and holistic met-

rics, suggesting slight benefits from incorporating domain-specific knowledge for the in-domain

classification task.
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Krippendorff’s Alpha values of 0.9413 (BGE) and 0.9365 (AMLM-Fusion) confirm robust con-

sensus reliability across embeddings, demonstrating that the holistic evaluation framework is

resilient to different embedding strategies (addressing RQ 3). The consistent results highlight

the framework’s embedding robustness and reinforce its generalizability for in-domain evalua-

tion.

5.4.2.3 Document-Level Performance Distribution (Finance)

Document-level analysis mirrors Study A. Figure 5.3 and Table 5.6 summarize the distribution

of Bipartite-F1 scores for BGE-Large and AMLM-Fusion, along with corresponding CIR3 Com-

prehensiveness and Faithfulness scores. Most documents fall in the highest agreement interval

(0.75, 1], with Comprehensiveness and Faithfulness scores increasing alongside Bipartite-F1.
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Figure 5.3: Study B: Distribution of 1,000 finance documents across Bipartite-F1 intervals
under alternative embedding backbones (BGE vs. AMLM-Fusion).

Table 5.6: Statistics of Classifier Bipartite F1 Scores across 1000 Documents.

Model Score Doc Avg Median Min Max CIR3
Interval Count (%) Bipartite F1 Comp Faith

BGE-Large

[0, 0.50] 27 (2.7%) 0.400 0.400 0.400 0.400 0.806 0.916
(0.50, 0.66] 157 (15.7%) 0.600 0.600 0.600 0.600 0.907 0.934
(0.66, 0.75] 0 (0.0%) 0.000 0.000 0.000 0.000 - -
(0.75, 1.00] 817 (81.7%) 0.887 0.800 0.800 1.000 0.949 0.973

AMLM-Fusion

[0, 0.50] 37 (3.7%) 0.382 0.400 0.200 0.400 0.783 0.875
(0.50, 0.66] 100 (10.0%) 0.600 0.600 0.600 0.600 0.877 0.914
(0.66, 0.75] 0 (0.0%) 0.000 0.000 0.000 0.000 - -
(0.75, 1.00] 863 (86.3%) 0.907 1.000 0.800 1.000 0.953 0.976

Final Average 0.939 0.966
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This correlation demonstrates that higher one-to-one agreement aligns with stronger end-task

performance of CIR3, providing indirect, extrinsic validation of the holistic consensus-based

framework. Overall, these results confirm that the framework produces stable, reliable semantic

baselines that are robust to different embedding models and meaningfully reflect downstream

system performance.

5.4.2.4 Metric Concordance and Embedding Robustness

Table 5.7 shows strong concordance between metrics across both encoders, indicating that Soft-

F1 and Bipartite-F1 rank documents consistently while providing complementary perspectives.

Table 5.7: Metric concordance and embedding robustness in finance (N=1,000).

Comparison Pearson r Spearman ρ

Within model (BGE): Soft-F1 vs Bipartite F1 0.7064 (p < 0.0001) 0.6595 (p < 0.0001)
Within model (AMLM-Fusion): Soft-F1 vs Bipartite F1 0.7903 (p < 0.0001) 0.7277 (p < 0.0001)
Cross model: Soft-F1 (BGE vs AMLM-Fusion) 0.6634 (p < 0.0001) 0.6353 (p < 0.0001)
Cross model: Bipartite F1 (BGE vs AMLM-Fusion) 0.8117 (p < 0.0001) 0.7878 (p < 0.0001)

Cross-encoder correlations are similarly high, indicating that document-level conclusions re-

main stable regardless of embedding choice. The results in Table 5.7 show strong cross-model

agreement for both metrics, with Pearson correlations of 0.6634 for Soft-F1 and 0.8117 for

Bipartite-F1, and corresponding Spearman values of 0.6353 and 0.7878. This pattern is unlikely

to be incidental. In Chapter 3, BGE-Large and AMLM-Fusion also showed strong correla-

tions on an independent semantic similarity task (Sections 3.3.3.1 and 3.4.2), and the same

encoders correlate strongly again within the consensus evaluation in this work. The fact that

both chapters independently yield consistent cross-encoder agreement strengthens the validity

of AMLM-Fusion itself while also providing additional evidence that the consensus-based eval-

uation framework is not sensitive to the underlying embedding backbone. Combined with the

CIR3 findings in Chapter 4, these results offer broader extrinsic support for the stability and

reliability of the holistic consensus evaluation method.

5.5 Conclusion and Future Work

This chapter introduced a consensus-based evaluation framework for generative semantic tasks

that operates without human-annotated gold standards. The framework constructs a cross-

model semantic baseline through multi-threshold clustering and evaluates system alignment



Consensus without Gold: Semantic Agreement and Reliability for LM Evaluation 112

using complementary agreement metrics. Together, these components provide a reliable alter-

native for settings where labeled data are unavailable.

Empirically, we addressed our research questions. First, we observed strong consensus relia-

bility across thresholds (finance/medical alpha near 0.93/0.92), indicating stable inter-model

agreement (RQ 1). Second, evaluating the target system against the consensus produced high

alignment (for instance, CIR3 Soft-F1 near 0.94 across domains), showing that the holistic

approach offers interpretable evidence beyond pairwise matching (RQ 2). Third, robustness

analyses demonstrated consistent behavior across embedding backbones: cross-model correla-

tions between BGE-Large and AMLM-Fusion were high for both Soft-F1 and Bipartite-F1,

and document-level performance was stable (no document below 0.60 in Study A), supporting

encoder invariance and generalizability (RQ 3).

These findings also connect this chapter to prior contributions. CIR3 (Chapter 4) aligns strongly

with the consensus baseline, providing extrinsic support for the quality of the consensus metrics

themselves in low-resource settings. AMLM-Fusion (Chapter 3) performs on par with, and

at times slightly above, BGE-Large while maintaining cross-model stability, indicating that

domain-informed pretraining can be integrated without compromising evaluation reliability.

The alignment between consensus metrics, downstream system performance, and cross-encoder

consistency further reinforces the framework as a dependable method for evaluating semantic

fidelity without gold labels.

Future work includes applying consensus-based evaluation to additional tasks such as summa-

rization or data-to-text generation, studying active selection of consensus models, and exploring

principled ways to weight model contributions within the consensus.



Chapter 6

Conclusion and Future Work

6.1 Conclusion

This dissertation set out to advance the semantic fidelity of language technologies in specialized

domains such as finance and medicine. We define semantic fidelity (Chapter 1) as the degree to

which a system preserves intended meaning and relations among domain concepts across three

stages: (i) representation (capturing domain semantics), (ii) generation (producing outputs that

are comprehensive and faithful to context), and (iii) evaluation (assessing meaning-preserving

equivalence under lexical variation). The central challenge is that standard training and eval-

uation treat tokens and judgments uniformly, thereby reducing sensitivity to domain-critical

semantics and making reliable assessment difficult when gold standards are scarce.

We introduced Adaptive Masked Language Modeling (AMLM; Chapter 3) as an approach to spe-

cialize models without architectural changes. AMLM shifts adaptation from input-side masking

to output-side loss modulation, dynamically prioritizing domain terminology through weighted

gradients Evaluated on financial domain tasks, AMLM achieves notable improvements: intrin-

sic dimensionality (kNN-MLE) reduced from 23.762 to 9.847, Pearson correlation improved by

0.188, and QA matching Recall@1 improved by 0.231. These results demonstrate that loss-side

modulation effectively guides models toward compact, semantically coherent representations

while maintaining training stability.

We then presented Collective Intentional Reading through Reflection and Refinement (CIR3;

Chapter 4), a multi-agent framework for generating comprehensive and faithful QA pairs from

113
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information-dense documents. CIR3 operationalizes collective intelligence through three mecha-

nisms: transactive reasoning (agents iteratively build on each other’s insights), multi-perspective

analysis (dynamic specialization by subtopic), and variation-guided convergence (maintaining

diversity while reaching agreement). Experiments across finance and medical domains demon-

strate substantial improvements: CIR3 achieves relative gains of 23% in comprehensiveness and

17% in faithfulness over strong LLM baselines according to automatic evaluation, with human

evaluation confirming improvements of 15% and 11.66% respectively. Formalizing generation

as a diversity-alignment objective provides a practical basis to balance coverage and faithful-

ness, reducing common errors such as under- / over-specifity, hallucination, irrelevance, and

duplication.

Finally, we proposed a consensus-based evaluation framework (Chapter 5) that enables rigorous

assessment in the absence of human-annotated gold standards. The framework establishes se-

mantic consensus through hierarchical clustering across multiple models and granularities, quan-

tifies inter-model reliability using Krippendorff’s Alpha on induced concept labels, and evaluates

target systems using complementary agreement metrics (Soft-F1 and Bipartite-F1). Validation

across finance and medical domains demonstrates strong consensus reliability (α ≈ 0.93 for

finance, α ≈ 0.92 for medical), with CIR3 achieving high agreement with the consensus baseline

(Soft-F1 ≈ 0.94/0.93). Embedding robustness studies confirm consistent performance across

both general-purpose (BGE-Large) and domain-informed (AMLM-Fusion) encoders, providing

a practical and reliable alternative when expert annotation is limited.

Taken together, these contributions offer an end-to-end perspective: AMLM supplies domain-

aware representations; CIR3 orchestrates a principled, model-agnostic multi-agent workflow to

generate comprehensive and faithful outputs (compatible with, but not dependent on, domain-

aware encoders); and the consensus framework evaluates both representation quality and gen-

eration fidelity without relying on gold labels. The components are modular: they can be

adopted independently or combined as a pipeline, depending on data, resource, and deployment

constraints.

These contributions address the three research questions posed in Chapter 1. Regarding RQ1

(adaptive loss-side weighting for domain-specific semantics), AMLM demonstrates that dy-

namically weighting token-level losses yields measurable improvements in semantic tasks while

maintaining training stability. For RQ2 (principles enabling comprehensive and faithful QA
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generation), CIR3 shows that structured multi-agent coordination balancing perspectival di-

versity with semantic alignment operationalizes collective intelligence for balanced generation.

Addressing RQ3 (rigorous evaluation without gold standards), the consensus framework estab-

lishes that multi-model semantic agreement with explicit reliability quantification provides a

practical alternative to expert annotation.

Two broader implications emerge. First, progress in specialized domains does not require pri-

mary reliance on architectural changes: reweighting learning signals, orchestrating agent inter-

action, and measuring semantic agreement can yield measurable improvements with practical

computational costs. Second, collective intelligence principles adapted from the social sciences

can productively structure language model collaboration, suggesting that systems design may

complement model scaling as a source of future improvements.

6.2 Scope and Limitations

This dissertation focuses on textual modalities in two specialized domains: finance and medicine.

While the methods are designed to be domain-agnostic in principle, empirical validation is lim-

ited to these domains. The choice of finance and medicine domains reflects their high semantic

density, economic and social importance, and the availability of suitable corpora. Generalization

to other specialized domains (e.g., law, scientific research) remains an important direction for

future work.

6.2.1 Methodological Limitations

Several choices warrant explicit acknowledgment:

� AMLM term identification. The approach relies on curated domain glossaries to identify

specialized terminology; such lexicons may lag behind emerging terminology and may not

capture context-dependent meanings.

� CIR3 dependency on base models. The framework’s performance ultimately depends on

the capabilities of underlying language models; the optimal number, roles, and interaction

topology of agents may vary by task and domain.
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� Consensus costs and assumptions. Establishing consensus requires multiple diverse models

and clustering across thresholds, which introduces computational costs. The framework

assumes that model diversity leads to robust consensus, an assumption validated in this

work. Further study across broader model families and tasks remains warranted.

� Reproducibility and hyperparameters. Training was conducted with limited random seeds

due to computational constraints; some hyperparameters (e.g., AMLM weighting con-

stants) were selected based on preliminary experiments rather than exhaustive search.

� Evaluation breadth. Evaluation primarily employs automatic metrics, with limited hu-

man assessment. Larger-scale human studies would further strengthen conclusions about

faithfulness and comprehensiveness.

� External validity. Generalization beyond English and to other specialized domains (e.g.,

law, scientific research) requires further validation.

6.3 Future Work

Building on these contributions, several directions appear promising:

AMLM extensions. The loss-side weighting paradigm opens several research directions: (i)

dynamic lexicon construction and context-aware term detection to address evolving terminol-

ogy; (ii) principled hyperparameter selection (e.g., learning α, β, τ , κ) through meta-learning

or adaptive methods; and (iii) combining AMLM with parameter-efficient fine-tuning (LoRA,

Adapters) and adaptive masking policies to explore synergies between loss-side and input-side

adaptation.

CIR3 enhancements. Multi-agent orchestration can be refined through: (i) automated topol-

ogy and role selection for agents based on document characteristics and task requirements; (ii)

task- and domain-adaptive convergence criteria that balance computational cost with genera-

tion quality; and (iii) integration with dynamic tool-use and retrieval-augmented workflows to

ground generation in external evidence.

Evaluation advances. The consensus framework can be extended through: (i) active selec-

tion and weighting of consensus models based on domain expertise or past performance; (ii)

application to other generative tasks (summarization, data-to-text generation, dialogue) where
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gold standards are scarce; and (iii) larger-scale human evaluation studies to calibrate automatic

metrics and establish correlation with domain expert judgments.

Cross-chapter configurations. While not required for this dissertation’s results, AMLM-

based encoders can be explored as alternative embedding backbones for the Vendi diversity tool

in CIR3 or as auxiliary evaluation encoders alongside BERTScore and BGE. Such experiments

would further probe interoperability while preserving the modularity of the contributions.

6.4 Closing Remarks

Advancing semantic fidelity in specialized domains remains central to deploying language mod-

els where precision matters. This dissertation contributes a pathway for achieving this goal:

reweight learning signals to prioritize domain semantics, organize agent interaction to balance

diversity and convergence, and evaluate through semantic consensus with explicit reliability.

These ideas may be useful not only for the specific methods introduced in this work, but also

as general design principles for building reliable NLP systems when data are scarce, stakes are

high, and meaning is central.



Appendix A

AMLM

A.1 Naive Domain Token Identification Algorithm

For comparison, we include the naive nested-scan approach that illustrates the conceptual logic

but has higher computational complexity:

Algorithm 5 Naive Domain Token Identification

Require:
1: Tokenized sequence z = (z1, z2, . . . , zL′)
2: Glossary G
3: Encoding function τ
4: Special tokens S

Ensure: Domain token indicator IG , Match set I(z,G)
5: Initialize I(z,G)← ∅
6: Initialize IG(i)← 0 for all i ∈ [1, L′]
7: for each glossary term gj ∈ G do

8: Get encoded term τ(gj) = (v
(j)
1 , . . . , v

(j)
kj

)

9: for each position i ∈ [1, L′ − kj + 1] do
10: if z[i,i+kj) = τ(gj) and zr /∈ S for r ∈ [i, i+ kj) then
11: Add (i, gj) to I(z,G)
12: for r = i to i+ kj − 1 do
13: Set IG(r)← 1
14: end for
15: end if
16: end for
17: end for
18: return IG , I(z,G)
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This naive approach has complexity O(|G| × L′ × k), where |G| is the glossary size, L′ the

tokenized sequence length, and k the average term length. While conceptually clear, it becomes

inefficient for large glossaries, motivating the Aho-Corasick implementation [173] in Algorithm 1.

A.2 Methodology: AMLM Conceptual Framework

Preprocessing (one-time)

Encode glossary terms: τ(gj) for all gj ∈ G. Compute IDF(t) across the corpus if using TF-IDF.

For each sequence X ∈ D: tokenize z; identify domain tokens via Algorithm 1 with special-token filtering
(e.g., [CLS], [SEP], [PAD]) and longest-match resolution; compute per-token weights w per chosen strategy;
cache w in the dataset.

Training loop (per batch)

Apply MLM masking: (Xmasked,Y,M)← mlm mask(B).

Retrieve cached weights: W ← get weights(B). If using AMLM-Batch, compute batch stats (e.g., σB) over
jargon counts.

Forward pass: logits P← fθ(Xmasked).

Per-token loss (no reduction): ℓ ← CrossEntropy(P,Y, reduction=’none’). Unmasked positions (label
−100) contribute zero.

Stabilize weights: clip to [wmin, wmax]; apply temperature smoothing (Equation 3.24); mix to meet ESS tar-
get (Equations 3.26–3.28) to obtain normalized W̃.

Final weighted loss and update: L =
∑

i∈M w̃i ℓi; update θ with AdamW and scheduling.

Figure A.1: AMLM end-to-end procedure aligned with Algorithm 2. The process consists of
two phases. Preprocessing (one-time): encodes glossary terms, computes corpus statistics
(IDF), identifies domain tokens, and caches per-token weights. Training loop (per batch):
applies MLM masking, retrieves cached weights (and batch stats for AMLM-Batch), computes
per-token losses with reduction=’none’, stabilizes the weights, aggregates to a weighted loss,

and updates parameters.
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A.3 Integrating Focal Modulation into AMLM Strategies

The AMLM framework is modular, allowing focal-style modulation [68] to be integrated with the

contextual weighting strategies described in Section 3.2.5. This is achieved by multiplicatively

combining the contextual weight with the focal term.

Let wcontext
i be the weight calculated by any of the contextual strategies (e.g., AMLM-Seq,

AMLM-Batch, AMLM-TFIDF, AMLM-Fusion). The combined weight, wfocal
i , would then be:

wfocal
i = wcontext

i ·
(
1− P (xi | X\M ; θ)

)γ
(A.1)

This only applies to the boosted (jargon) tokens where si = 1. The background tokens would

retain their original contextual weight.

For our most comprehensive strategy, AMLM-Fusion, the weight for a jargon token (IG(i) = 1)

would be calculated as:

wi = min (α · boostX · (1 + TF-IDF) · (1− P )γ , wmax) (A.2)

The background token weight would remain wbackground = max(β/boostX , wmin).

This combined raw weight would then be passed to the stabilization layer (Section 3.2.8), which

would apply clipping, temperature smoothing, and ESS targeting as usual. This demonstrates

how the framework can synergistically combine linguistic importance (from the contextual

strategies) with performance-based importance (from the focal term) in a robust and modu-

lar fashion. A systematic ablation of the focal-style option is left for future work.

A.4 Semantic Similarity Evaluation: Mathematical Details

To quantitatively assess how well each model captures fine-grained semantic relationships, we

evaluate it on the FinLang/investopedia-embedding-dataset. Scores are generated for

22,940 QA pairs and evaluated against a set of high-quality reference scores from bge-large-en-

v1.5. The alignment between model scores and the reference scores is measured using multiple

metrics to provide a comprehensive view of performance. We report Pearson correlation (r)

for linear relationships, alongside two rank-based metrics, Spearman’s (ρ) and Kendall’s (τ), to

evaluate monotonic agreement. To measure absolute score calibration, we also include Mean
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Squared Error (MSE), and Mean Absolute Error (MAE). We report 95% confidence intervals

(CIs) for all correlation metrics to ensure comparisons are statistically meaningful.

A.4.1 Data and Notation

Let D = {(qi, ai, yi)}Ni=1 denote the evaluation set of N paired observations (here, N = 22,940),

where qi is a query sentence, ai its paired answer sentence, and yi ∈ R is a provided reference

similarity score (from bge-large-en-v1.5). For a modelM , let EM (·) ∈ Rd denote the sentence

embedding obtained by mean pooling the last hidden states.

A.4.2 Embedding and Cosine Similarity

For each pair (qi, ai) we compute embeddings

ui = EM (qi), vi = EM (ai).

We then apply L2 normalization

ûi =
ui

∥ui∥2
, v̂i =

vi

∥vi∥2
,

and define the model’s cosine similarity score

si = cos(ûi, v̂i) = û⊤
i v̂i ∈ [−1, 1].

Collect the vectors s = (s1, . . . , sN ) and y = (y1, . . . , yN ).

A.4.3 Evaluation Metrics

We report correlation and error metrics between s and y:

� Pearson correlation r: linear association

r =

∑N
i=1(si − s̄)(yi − ȳ)√∑N

i=1(si − s̄)2
√∑N

i=1(yi − ȳ)2
,

where s̄ and ȳ are sample means.
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� Spearman’s ρ: Pearson correlation of the rank-transformed scores (ties handled by average

ranks).

� Kendall’s τ : based on the difference between the number of concordant and discordant pairs

among all
(
N
2

)
pairwise comparisons.

� Mean Squared Error (MSE): MSE =
1

N

N∑
i=1

(si − yi)
2.

� Mean Absolute Error (MAE): MAE =
1

N

N∑
i=1

|si − yi|.

A.4.4 Confidence Intervals

We quantify uncertainty for the correlation metrics with 95% confidence intervals (CIs) at level

α = 0.05.

� Pearson r (Fisher transformation). Let z = atanh(r) and SE(z) = 1/
√
N − 3. An

approximate 95% CI on z is [z − 1.96 SE, z + 1.96 SE], which we map back to r via tanh(·).

� Spearman ρ and Kendall τ (bootstrap). We draw B = 2000 bootstrap resamples by

sampling indices I(b) ∈ {1, . . . , N}N with replacement, compute the statistic T (sI(b) ,yI(b)) on

each resample, and report the percentile CI [T̂α/2, T̂1−α/2].

Determinism. Embedding generation is deterministic for a fixed model and inputs. Conse-

quently, CIs reflect sampling variability over the N paired observations (via bootstrap), not

variance across different training runs.

A.4.5 Procedure Summary

1. Compute mean-pooled embeddings for all qi and ai; apply L2 normalization.

2. Form cosine similarities si = û⊤
i v̂i.

3. Compute metrics: r, ρ, τ, MSE, MAE, R2.

4. Construct 95% CIs: Fisher for r; bootstrap (B=2000) for ρ and τ .
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A.5 Embedding Space Analysis: Mathematical Details

To assess the intrinsic geometric properties of the learned representations, we conduct an analysis

of the embedding space focusing on both representational efficiency and structural character-

istics. This analysis is performed on the full set of 45,880 embeddings from the Investopedia

dataset.

This section provides the formal definitions for the metrics used to analyze the intrinsic prop-

erties of the embedding space, as discussed in the main text.

A.5.1 Data and Notation

Let X = {xi}Ni=1 be the set of N embeddings (here, N = 45,880), where each xi ∈ Rd is a

d-dimensional vector obtained via mean pooling. Let x̄ = 1
N

∑N
i=1 xi be the global mean of the

embeddings.

A.5.2 Intrinsic Dimensionality

We estimate the intrinsic dimensionality of the embedding manifold using the k-Nearest Neigh-

bors Maximum Likelihood Estimator (kNN-MLE) [187]. For each point xi, let dk(xi) be the

Euclidean distance to its k-th nearest neighbor. The estimator is given by:

d̂int =

 1

N

N∑
i=1

1

k − 1

k−1∑
j=1

log
dk(xi)

dj(xi)

−1

A lower estimated dimension d̂int suggests a more compressed and specialized representation,

indicating that the model has learned to represent the data in a lower-dimensional subspace

that captures the essential structure of the financial domain.

A.5.3 Cluster Validity Indices

Both the Davies-Bouldin and Calinski-Harabasz scores rely on an initial k-means clustering of

the embeddings X into a set of K clusters, C = {c1, c2, . . . , cK}. Let |ck| be the number of

points in cluster k, and µk be the centroid of cluster k. We use k-means++ initialization, the
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Euclidean (L2) distance metric, and ninit = 10 restarts, selecting the solution with the best

objective value (consistent with scikit-learn defaults).

A.5.3.1 Davies-Bouldin Index

The Davies-Bouldin index [188] measures the average ”similarity” between each cluster and its

most similar one, where similarity is a function of cluster size (scatter) and separation. For

each cluster ck, the average intra-cluster distance is Sk = 1
|ck|

∑
x∈ck ||x − µk||2. The distance

between two clusters is dkj = ||µk − µj ||2. The Davies-Bouldin index is then:

DB =
1

K

K∑
k=1

max
j ̸=k

(
Sk + Sj

dkj

)

A lower DB score indicates better clustering, with clusters being more compact and well-

separated.

A.5.3.2 Calinski-Harabasz Score

Also known as the Variance Ratio Criterion [189], this score is the ratio of the between-cluster

dispersion to the within-cluster dispersion. Let SSW be the sum of squared distances within

clusters and SSB be the sum of squared distances between clusters:

SSW =
K∑
k=1

∑
x∈ck

||x− µk||22, SSB =
K∑
k=1

|ck|||µk − x̄||22

The Calinski-Harabasz score is defined as:

CH =
SSB/(K − 1)

SSW /(N −K)

A higher CH score indicates denser, better-separated clusters.

A.6 Financial QA Matching Evaluation: Mathematical Details

This evaluation tests the ability to match financial questions to their corresponding answers,

assessing the semantic understanding of financial concepts rather than general information re-

trieval. For each benchmark, candidate passages comprise the full corpus specific to that dataset,
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and indexing uses brute-force similarity for exact evaluation.

This section provides the formal definitions for the Financial QA Matching evaluation method-

ology and the metrics used to assess performance, as discussed in the main text.

A.6.1 Setup and Notation

Let D = {(qi, p∗i )}Ni=1 denote the evaluation set of N query-passage pairs, where qi is a query

and p∗i is its single ground-truth relevant passage. Let P = {pj}Mj=1 be the full corpus of M

candidate passages from which the relevant passage must be retrieved. For each query qi, the

candidate set is the entire corpus P.

Let E(·) ∈ Rd be the embedding function of a given model, which maps a text sequence to a

d-dimensional vector. In our experiments, this is implemented by mean-pooling the last hidden-

layer states of the transformer.

A.6.2 Embedding, Normalization, and Scoring

For each query qi and each passage pj ∈ P, we first compute their respective embeddings:

ui = E(qi), vj = E(pj).

These embeddings are then L2-normalized to project them onto the unit hypersphere, ensuring

that the similarity score is independent of vector magnitude:

ûi =
ui

∥ui∥2
, v̂j =

vj

∥vj∥2
.

The relevance score between query qi and passage pj is computed using cosine similarity:

s(qi, pj) = cos(ûi, v̂j) = û⊤
i v̂j ∈ [−1, 1].
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A.6.3 Ranking and Evaluation Metrics

For each query qi, we generate a ranked list of all passages in P by sorting them in descending

order based on their similarity score s(qi, pj). Let ranki be the position (rank) of the ground-

truth passage p∗i in this list. The following metrics are used to evaluate the quality of this

ranking over the entire dataset of N queries.

A.6.3.1 Recall@K

Recall@K measures the fraction of queries for which the correct passage is ranked within the

top K positions.

Recall@K =
1

N

N∑
i=1

1(ranki ≤ K),

where 1(·) is the indicator function.

A.6.3.2 Mean Reciprocal Rank (MRR)

MRR is the average of the reciprocal of the rank of the correct passage. It heavily penalizes

rankings where the correct item appears late in the list.

MRR =
1

N

N∑
i=1

1

ranki
.

A.6.3.3 Mean Average Precision (MAP)

MAP provides a single-figure measure of quality across all recall levels. For a single query,

Average Precision (AP) is defined as:

APi =
1

Gi

M∑
k=1

Pi(k)× reli(k),

where Gi is the total number of relevant documents (in our case, Gi = 1), Pi(k) is the precision

at rank k, and reli(k) is an indicator function that is 1 if the item at rank k is relevant and 0

otherwise. Since we have only one relevant document, this simplifies to APi = 1/ranki. MAP
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is the mean of the AP scores over all queries:

MAP =
1

N

N∑
i=1

APi =
1

N

N∑
i=1

1

ranki
= MRR.

Note that in a single-positive-per-query setting, MAP is equivalent to MRR.

A.6.3.4 Normalized Discounted Cumulative Gain (nDCG@K)

nDCG evaluates the quality of the top-K results, with a logarithmic discount based on position.

The Discounted Cumulative Gain (DCG) at rank K for query i is:

DCGi@K =
K∑
k=1

reli(k)

log2(k + 1)
.

Since we have only one relevant document, reli(k) is 1 only if the document at rank k is p∗i .

The Ideal DCG (IDCG) is the DCG score for a perfect ranking, where the relevant document

is at rank 1. In our case, IDCGi@K is 1 if K ≥ 1. The nDCG is the ratio of DCG to IDCG,

averaged over all queries:

nDCG@K =
1

N

N∑
i=1

DCGi@K

IDCGi@K
.

This simplifies to 1
log2(ranki+1) if ranki ≤ K, and 0 otherwise.

A.7 General-Domain Evaluation: SciFact

To assess whether AMLM-Fusion causes catastrophic forgetting of general linguistic knowledge,

we evaluate both AMLM-Fusion and uniform BERT-MLM-CP on SciFact [231], a standard

retrieval benchmark for scientific claim verification1. Table A.1 reports Recall@K and MRR for

claim-to-passage retrieval under the same evaluation protocol used for financial QA matching

(L2-normalized embeddings, cosine similarity).

Table A.1: AMLM-Fusion vs. BERT-MLM-CP on SciFact (allenai/scifact). Same protocol as
financial QA matching. Higher is better.

Model Recall@1 ↑ Recall@5 ↑ Recall@10 ↑ MRR ↑
BERT-MLM-CP 0.5191 0.6728 0.7337 0.5892
AMLM-Fusion 0.4969 0.6699 0.6989 0.5371

1https://huggingface.co/datasets/allenai/scifact

https://huggingface.co/datasets/allenai/scifact
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AMLM-Fusion achieves significant improvements over BERT-MLM-CP on financial data (e.g.,

TheGoldmanEncyclopedia, Investopedia, and SmoothNLPNews), while remaining comparable

to BERT-MLM-CP on standard retrieval benchmarks such as SciFact. This demonstrates that

AMLM does not harm general linguistic performance and does not exhibit catastrophic forget-

ting when domain-adapted pre-training is applied with glossary-guided weighting.

A.8 External, Non-Comparable Baselines

This section reports off-the-shelf financial language models as reference points only: Prosu-

sAI/finbert2 and SALT-NLP/FLANG-BERT3. These models were not continued pre-trained on

the corpus used in this work, whereas the main comparisons include models that were trained

under identical continued pre-training protocols on the same data. To preserve fairness and

internal validity, these baselines are excluded from the main tables and no performance claims

are drawn against them. Tables A.2, A.3, and A.4 are included here strictly as rough external

references under the exact same evaluation procedure used throughout this work.

Table A.2: Semantic similarity results for off-the-shelf models on the Investopedia set
(N=22,940 pairs). Same protocol as main text. 95% CIs via Fisher (Pearson) and bootstrap

(Spearman, Kendall).

Model Pearson [95% CI] ↑ Spearman [95% CI] ↑ Kendall [95% CI] ↑ MSE ↓ MAE ↓
FinBERT 0.643 [0.635, 0.650] 0.601 [0.592, 0.610] 0.425 [0.418, 0.432] 0.013 0.090
FLANG-BERT 0.731 [0.725, 0.737] 0.666 [0.658, 0.674] 0.480 [0.473, 0.486] 0.010 0.078

Table A.3: Investopedia QA matching (N=22,940 pairs). Same protocol as main text.

Model Recall@1 ↑ Recall@5 ↑ Recall@10 ↑ MRR ↑ nDCG@10 ↑
FinBERT 0.115 [0.111, 0.120] 0.276 [0.270, 0.281] 0.321 [0.315, 0.327] 0.195 [0.191, 0.199] 0.220 [0.216, 0.225]
FLANG-BERT 0.168 [0.163, 0.172] 0.384 [0.378, 0.390] 0.434 [0.428, 0.440] 0.271 [0.267, 0.276] 0.306 [0.301, 0.311]

Table A.4: TheGoldmanEncyclopedia QA matching (N=1,514 pairs). Same protocol as main
text.

Model Recall@1 ↑ Recall@5 ↑ Recall@10 ↑ MRR ↑
FinBERT 0.026 [0.018, 0.034] 0.083 [0.070, 0.097] 0.127 [0.110, 0.144] 0.061 [0.053, 0.071]
FLANG-BERT 0.015 [0.009, 0.020] 0.070 [0.057, 0.083] 0.107 [0.092, 0.122] 0.049 [0.042, 0.057]

Higher correlations and R2, and lower MSE/MAE, indicate better alignment with the reference.

2https://huggingface.co/ProsusAI/finbert
3https://huggingface.co/SALT-NLP/FLANG-BERT

https://huggingface.co/ProsusAI/finbert
https://huggingface.co/SALT-NLP/FLANG-BERT
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A.9 Computational Resources and Training Time

All experiments were conducted on an AWS EC2 ‘g5.2xlarge‘4 instance, which is equipped

with a single NVIDIA A10G Tensor Core GPU with 24 GB of memory. Training utilized mixed

precision (FP16) to optimize memory usage and computational efficiency. The total training

time per model was approximately 34-37 hours. The software stack used:

� PyTorch (torch) 2.7.1+cu128 (BSD-3-Clause)

� Transformers 4.54.0 (Apache-2.0)

A.10 Reproducibility Notes

� Training Configuration: Training uses seed=42 via transformers.set seed5, which

seeds Python’s random, NumPy, and PyTorch RNGs (CPU/CUDA). We enable deter-

ministic cuDNN (deterministic=True, benchmark=False)6 and pass the same seed to

DataLoader worker initialization to ensure consistent shuffling.

� Evaluation Details: The QA matching evaluation uses cosine similarity over L2- nor-

malized embeddings with exact search. Intrinsic dimensionality estimation uses kNN-MLE

on normalized embeddings. Cluster validity metrics use k-means clustering (with k set to

the number of ground-truth topics) on normalized embeddings.

� Stochastic Evaluation: For stochastic procedures, evaluation metrics are averaged over

three independent runs with different seeds (e.g., 42, 43, 44). We seed NumPy/Python

accordingly for each run.

� Limitations: Multi-seed training repeats (reporting mean± std) are left to future work

due to compute constraints.

4https://aws.amazon.com/ec2/instance-types/g5/
5The set seed utility in the Hugging Face Transformers library is used to set the random seeds for PyTorch,

NumPy, and Python’s standard random module, ensuring consistent initialization.
6These flags are set in PyTorch to configure the cuDNN backend. Setting deterministic=True ensures that

cuDNN uses deterministic algorithms, and benchmark=False prevents it from choosing faster, non-deterministic
algorithms. PyTorch reproducibility: https://docs.pytorch.org/docs/stable/notes/randomness.html.

https://aws.amazon.com/ec2/instance-types/g5/
https://docs.pytorch.org/docs/stable/notes/randomness.html


Appendix B

CIR3

B.1 Metrics

B.1.1 Automatic Metrics

We provide a brief description of the metrics used in this study:

ROUGE-L [223] assesses recall by evaluating the overlap between reference and generated

sentences using Longest Common Subsequence statistics. We use the implementation from

Google1. We report the F1 score, the harmonic mean of precision and recall.

METEOR [224] is a recall-oriented metric that measures the similarity between generated and

reference text, incorporating synonyms, stemming, and paraphrasing. We use the implementa-

tion from NLTK2.

Jaccard Index3[225] is a measure of similarity between two sets. It is calculated as the size

of their intersection (elements they share) divided by the size of their union (total unique

elements). Values range from 0 (no similarity) to 1 (identical sets). We adopt Scikit-Learn’s

implementation4.

1https://pypi.org/project/rouge-score
2https://www.nltk.org
3https://en.wikipedia.org/wiki/Jaccard_index
4https://scikit-learn.org
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https://www.nltk.org
https://en.wikipedia.org/wiki/Jaccard_index
https://scikit-learn.org
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BERTScore5 [163] uses contextual embeddings to assess word-level similarity via cosine sim-

ilarity, correlating with human judgment in sentence and system evaluation, and providing

precision, recall, and F1 metrics.

BAAI/bge-large6 is a high-performance sentence embedding model, designed for semantic

similarity tasks. It encodes text into dense vectors, allowing similarity to be measured via

cosine similarity between embeddings.

B.1.2 Score Calculations

We denote s(c,Q), s(c,A), s(Q,A), s(c,Q⊕), s(c,A⊕), and s(Q⊕,A⊕) the scores between (con-

text and questions), (context and answers), (questions and answers), (context and concatenated

questions), (context and concatenated answers), and (concatenated questions and concatenated

answers), respectively. The scores are calculated as follows:

s(c,Q) = 1

N

N∑
i=1

s(c, qi) (B.1)

s(c,A) = 1

N

N∑
i=1

s(c, ai) (B.2)

s(Q,A) = 1

N

N∑
i=1

s(qi, ai) (B.3)

s(c,Q⊕) = s(c,⊕N
i=1qi) (B.4)

s(c,A⊕) = s(c,⊕N
i=1ai) (B.5)

s(Q⊕,A⊕) = s(⊕N
i=1qi,⊕N

i=1ai) (B.6)

where s is the scoring function and ⊕ is the concatenation function.

B.2 CIR3: Algorithm Implementation Details

B.2.1 Module Input/Output Specifications

� classify subtopics(c : str,M : int)→ P : List[str]

Identifies subtopics within context.

5https://github.com/Tiiiger/bert_score
6https://github.com/FlagOpen/FlagEmbedding

https://github.com/Tiiiger/bert_score
https://github.com/FlagOpen/FlagEmbedding
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� generate QAs(c : str,Mprev : InnerMemory,Hprev : OuterMemory)→

G+ : List[QAPair]

Generates QA pairs from context and memory.

� refine QAs(G+ : List[QAPair],M : InnerMemory)→ F : Feedback ∪ {∅}

Produces refinement feedback or ∅ for consensus.

� curmudgeon QAs(G− : List[QAPair],H : OuterMemory)→ F ′ : Feedback ∪ {∅}

External evaluation feedback or ∅ for acceptance.

B.2.2 Error Handling

� Subtopic identification failure: Fallback to domain-specific default writer Wp0 .

� Agent timeout: 30-second timeout with retry mechanism (max 3 attempts).

� Memory overflow: Truncate oldest entries when memory exceeds max input tokens.

� API failures: Exponential back-off with graceful degradation to available models.

1. Retry with exponential back-off (to handle transient failures).

2. If still failing after a threshold (e.g. 5 attempts), gracefully degrade by using an

alternative model / service.

B.3 Human Evaluation Guidelines

This section represents a partial excerpt of the evaluation guidelines.

Partial Excerpt of the Human Evaluation Guidelines.

This document describes the instructions of human evaluation for AI-based question-answer gen-

eration task. The results will be made publicly available within 12 months of study completion.

By proceeding with this task, you agree that any resulting work product may be shared publicly.

You will be provided with two datasets, each containing a collection of text documents and

corresponding question-answer pairs. Your task is to evaluate the question-answer pairs in terms

of their accuracy and completeness in relation to the information presented in the associated text

documents.

Instructions:
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Familiarise yourself with the context: Carefully read the provided context to understand

the topic and key information it contains.

Review the generated question-answer pairs: Examine each question-answer pair.

Evaluate each criterion: For each of the following criteria, rate the question-answer pair on a

scale of 1 to 5 (5 being the highest), and provide a brief explanation for your rating:

� Coverage: Does the question-answer pair address the main ideas and important details in

the context?

� Depth: Does the question prompt deeper understanding of the context, or is it superficial?

Does the answer provide sufficient detail and explanation?

� Accuracy: Is the answer factually correct and complete based on the information in the

context?

� Coherence: Does the question-answer pair flow logically? Does the question naturally

lead to the answer, and do they together contribute to a better understanding of the topic?

� Representation: Does the question-answer pair distort or present misleadingly any facts

in the context?

� Diversification: Does the collection of question-answer pairs provide diverse and unique

insights, or is there significant overlap in the knowledge they convey?
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B.4 Evaluation Prompts

Following figures show the illustrative prompts used in our evaluation.

We also release CIR3’s source code on GitHub7.

1 """

2 Create an Enhanced G-EVAL metric for Comprehensiveness evaluation based on

Coverage , Depth , Accuracy , and Coherence aspects.

3 """

4 EnhancedGEval(

5 name="Comprehensiveness",

6 evaluation_aspects=["Coverage", "Depth", "Accuracy", "Coherence"],

7 evaluation_steps=[

8 # Coverage

9 "Examine the source document to identify all key topics , concepts ,

and important information covered",

10 "Review the set of question -answer pairs to determine what aspects

of the document they address",

11 "Check if the questions cover all major themes and subtopics from

the document",

12

13 # Depth

14 "Consider depth of coverage - are complex topics explored

adequately or only superficially?",

15 "Assess whether important details , relationships , and nuances are

captured in the QA pairs",

16

17 # Accuracy

18 "Verify that the questions accurately reflect the document ’s

content and answers are factually correct",

19

20 # Coherence

21 "Evaluate the logical flow and connection between questions and

their relationship to document structure",

22

23 # Final Assessment

24 "Score HIGH if the QA set demonstrates comprehensive coverage ,

adequate depth , accuracy , and coherence",

7https://github.com/anonym-nlp-ai/cirrr

https://github.com/anonym-nlp-ai/cirrr
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25 "Score LOW if major topics are missing , coverage is superficial ,

inaccurate , or lacks coherence",

26 ],

27 evaluation_params=[LLMTestCaseParams.INPUT ,

LLMTestCaseParams.ACTUAL_OUTPUT],

28 threshold=0.6,

29 model="gpt -4o",

30 top_logprobs=20,

31 async_mode= True ,

32 verbose_mode= False ,

33 _include_g_eval_suffix= True

34 )

Listing B.1: Comprehensiveness metric with four evaluation aspects: Coverage, Depth,

Accuracy, and Coherence.

1 """

2 Create an Enhanced G-EVAL metric for Faithfulness evaluation based on

Accuracy , Exaggeration , Consistency , Justification , Plausibility , and

Misrepresentation aspects.

3 """

4 EnhancedGEval(

5 name="Faithfulness",

6 evaluation_aspects=[

7 "Accuracy", "Exaggeration", "Consistency",

8 "Justification", "Plausibility", "Misrepresentation"

9 ],

10 evaluation_steps=[

11 # Accuracy

12 "Carefully read the source document to understand the factual

information presented",

13 "Examine each answer to verify factual accuracy against the source

document",

14

15 # Exaggeration

16 "Check for any statements that overstate or embellish information

from the document",

17

18 # Consistency

19 "Look for contradictions or deviations from facts presented in the

source material",
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20

21 # Justification

22 "Verify that all claims in answers are well -supported by evidence

from the document",

23

24 # Plausibility

25 "Assess whether answers represent reasonable inferences based on

the document content",

26

27 # Misrepresentation

28 "Check for any distortion or misleading presentation of facts from

the source",

29

30 # Final Assessment

31 "Score HIGH if answers demonstrate accuracy , avoid exaggeration ,

maintain consistency , are well -justified , plausible , and avoid

misrepresentation",

32 "Score LOW if answers contain inaccuracies , exaggerations ,

inconsistencies , poor justification , implausible claims , or

misrepresentations",

33 ],

34 evaluation_params=[LLMTestCaseParams.INPUT ,

LLMTestCaseParams.ACTUAL_OUTPUT],

35 threshold=0.6,

36 model="gpt -4o",

37 top_logprobs=20,

38 async_mode= True ,

39 verbose_mode= False ,

40 _include_g_eval_suffix= True

41 )

Listing B.2: Faithfulness metric with six evaluation aspects: Accuracy, Exaggeration,

Consistency, Justification, Plausibility, and Misrepresentation.

B.5 Case Study: QA Evolution Trajectory Analysis

To demonstrate how iterative feedback tangibly improves QA diversity and alignment, we

present a detailed trajectory analysis of a representative financial document undergoing CIR3’s

refinement process.
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Multi-Iteration Refinement Example

Context: "A strong financial plan balances growth, stability, and protection by

strategically combining diverse assets. Bonds provide steady income and preserve

capital, though they are subject to inflation and interest rate risks. For growth, index

ETFs offer low-cost, diversified exposure to the stock market, accepting the associated

market volatility. A structured retirement is built on a foundation of pensions,

while annuities provide guaranteed lifetime income, guarding against the possibility

of outliving one’s savings. Finally, life insurance protects dependents and can build

cash value for future needs. By aligning these tools with one’s personal risk tolerance,

time horizon, and specific goals, a resilient financial strategy can be built to adapt to

economic changes and secure both a current lifestyle and future legacy."

Identified Subtopics:

� financial planning

� retirement

� investment

� risk management

Writer Agent Assignment:

� Wfinancial planning: General financial strategy perspective;

� Wretirement: Retirement-focused analysis;

� Winvestment: Investment and growth perspective;

� Wrisk management: Risk assessment and mitigation;

// ...

Outer Iteration k=1

Inner Iteration l=4 - Writers Collaboration: QA generation:

� Q: What is the main objective of a strong financial plan?

A: To balance growth, stability, and protection by strategically combining diverse

assets.

� Q: Which investment provides steady income and preserves capital?

A: Bonds provide steady income and preserve capital.

� Q: What is the main role of index ETFs in a financial plan?

A: They offer low-cost, diversified exposure to the stock market.

� Q: What forms the foundation of a structured retirement?

A: Pensions form the foundation of a structured retirement.

� Q: What type of investment offers guaranteed lifetime income?

A: Annuities offer guaranteed lifetime income.

Vendi Diversity Scores
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� "balanced g score": 0.6598721146583557,

� "score a": 1.3656857,

� "score ca": 1.0813369,

� "score q": 1.4364766

Curmudgeon reflection: The current QA set provides a good foundation, covering key

topics such as the main objective of a financial plan, the roles of bonds, index ETFs,

pensions, and annuities. However, it falls short in exploring the nuances of aligning

financial strategies with personal circumstances and misses the role of life insurance.

The answers accurately reflect the information in the document, but the question set

lacks diversity, primarily focusing on factual recall with similar structures and

complexity. To improve, it’s essential to add more analytical and comparative questions

that require deeper analysis and synthesis, as well as varying the linguistic patterns

and cognitive demands.

Curmudgeon status: "refine"

// ...

Outer Iteration k=2

// ...

Inner Refinement Feedback (l=2): Wretirement: "Missing coverage of annuities and

longevity risk protection." Wrisk management: "Need specific risk details: inflation,

interest rate, market volatility impacts." Wfinancial planning: "Lacks personalization

factors: risk tolerance, time horizon alignment." Winvestment: "Should clarify ETF

advantages beyond basic market exposure."

Inner Iteration l=2 - Writers Collaboration: QA generation:

� Q: How does a strong financial plan integrate different asset types?

A: It combines growth assets like index ETFs, stability assets like bonds, and

protection assets like pensions, annuities, and life insurance.

� Q: What risks can affect the income from bonds?

A: Bonds are subject to inflation and interest rate risks.

� Q: What trade-off comes with investing in index ETFs?

A: They provide market growth potential at low cost but come with market

volatility.

� Q: How do annuities support retirement security?

A: They provide guaranteed lifetime income, guarding against the possibility of

outliving one’s savings.

� Q: What is the role of life insurance in financial protection?

A: It protects dependents and can build cash value for future needs.

� Q: How can financial tools be matched to personal needs?

A: By aligning them with personal risk tolerance, time horizon, and specific goals.
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� Q: What is a key advantage of bonds compared to index ETFs?

A: Bonds guarantee higher returns over time with minimum risk of loss, making them

a safer alternative for long-term investors seeking consistent growth.

Vendi Diversity Scores

� "balanced g score": 0.7028632760047913,

� "score a": 1.6247656,

� "score ca": 1.1747185,

� "score q": 1.5361243

Curmudgeon reflection: The QA set are mostly aligned with the document and covers most

major themes from the document, including the integration of different asset types,

risks associated with bonds, trade-offs of index ETFs, and roles of annuities and life

insurance. It also addresses aligning financial tools with personal needs. However, Q7

contains a factual inaccuracy, as the document does not state that bonds guarantee higher

returns over time or that they are a safer alternative for consistent growth. This

misrepresentation reduces the depth of coverage and overall alignment with the source

material. To further refine, it’s crucial to ensure the accuracy of all questions and

maintain a diverse range of question types and complexities.

Curmudgeon status: "refine"

Inner Iteration l=2 - Writers Collaboration: QA generation:

� Q: How does strategic asset allocation create a resilient financial plan?

A: By balancing growth through index ETFs, stability through bonds, and protection

through pensions, annuities, and life insurance.

� Q: In what way do bonds contribute to stability but face risks?

A: They provide steady income and preserve capital but are affected by inflation

and interest rate changes.

� Q: How do index ETFs contribute to long-term growth?

A: They provide diversified stock market exposure at low cost while accepting

market volatility.

� Q: Why are pensions important in retirement planning?

A: They provide a stable foundation for a structured retirement.

� Q: What dual benefit do annuities offer in retirement?

A: They ensure guaranteed lifetime income and protect against outliving one’s

savings.

� Q: How does life insurance support both protection and future planning?

A: It safeguards dependents and can accumulate cash value for future needs.

� Q: What personal factors shape an adaptive financial strategy?

A: Risk tolerance, time horizon, and specific goals.
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� Q: How can a financial plan remain effective during economic changes?

A: By aligning growth, stability, and protection tools with personal needs.

Vendi Diversity Scores

� "balanced g score": 0.741766095161438

� "score a": 1.5003632

� "score ca": 1.0616497

� "score q": 1.5900005

Curmudgeon reflection: ""

Curmudgeon: "agreement"

Curmudgeon agreement feedback: The QA set has achieved a high level of quality,

comprehensively covering all major themes and subtopics from the document, including

strategic asset allocation, personal factors, and the roles of various financial

instruments. The answers align perfectly with the source document, maintaining the tone

and perspective without contradictions or inaccuracies. The question set demonstrates

a strong variety in types, including factual, analytical, and comparative questions,

and explores diverse aspects of financial planning from different angles. The set

effectively covers different levels of detail and maintains linguistic diversity, making

it ready for agreement without further refinement.

B.5.1 Qualitative Curmudgeon Feedback Analysis

The curmudgeon’s iterative feedback (Listing: Multi-Iteration Refinement Example) reveals

concrete improvement mechanisms:

� Iteration 1: Identifies specific coverage gaps (”misses the role of life insurance”) and

structural limitations (”question set lacks diversity, primarily focusing on factual recall”).

The feedback provides actionable guidance: ”add more analytical and comparative ques-

tions” and ”varying the linguistic patterns and cognitive demands.”.

� Iteration 2: Demonstrates error detection capabilities by identifying a critical factual

inaccuracy in Q7 (”the document does not state that bonds guarantee higher returns over

time”). This shows the curmudgeon’s ability to catch hallucination errors that could

compromise faithfulness.

� Iteration 3: Confirms convergence with comprehensive validation: ”covers all major

themes and subtopics”, ”answers align perfectly with the source document” and ”demon-

strates strong variety in types, including factual, analytical, and comparative questions.”
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B.5.1.1 Common Error Mitigation Evidence

The trajectory demonstrates CIR3’s effectiveness against the four primary error categories:

� Duplication: The increasing Vendi Score for questions (1.436 → 1.590) indicates suc-

cessful reduction of redundant or overly similar questions. The curmudgeon’s observation

about ”similar structures and complexity” in Iteration 1 implicitly addresses this concern.

� Hallucination: Explicitly detected by the curmudgeon in Iteration 2, identifying Q7’s

factual inaccuracy (”the document does not state that bonds guarantee higher returns over

time”) as hallucinated information not present in the source document.

� Irrelevance: The curmudgeon’s focus on coverage gaps (”misses the role of life insur-

ance”) and requirement for document alignment (”answers align perfectly with the source

document”) addresses relevance, even if this error type is not explicitly flagged in this

particular trajectory.

� Specificity: Addressed through the curmudgeon’s feedback requesting ”varying the lin-

guistic patterns and cognitive demands” and ”more analytical and comparative questions”

which counters template driven or overly narrow question generation.

B.5.2 Quantitative Evolution Patterns

Tables B.2 and B.1 reveal a systematic improvement in key metrics with notable intermediate

dynamics:

Table B.1: Vendi Score diversity metrics for questions, answers, context-answers, and balanced
G score across iterations.

Vendi Scores
Iteration QA Count Questions Answers Context-Answers Balanced G

#1 5 1.436 1.366 1.081 0.660
#2 7 1.536 1.625 1.175 0.703
#3 8 1.590 1.500 1.062 0.742

Table B.2: Comprehensiveness and Faithfulness scores across iterations for QA trajectory.

Iteration QA Count Comprehensiveness Faithfulness

#1 5 0.734 1.000
#2 7 0.803 0.767
#3 8 0.953 0.999
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� Comprehensiveness shows substantial growth from 0.734 (Iteration 1) to 0.953 (Itera-

tion 3), representing a 29.85% improvement. QA Count expands strategically from 5 to 8

questions, indicating a controlled expansion of coverage rather than arbitrary multiplica-

tion.

� Faithfulness demonstrates an interesting trajectory: starting at perfect alignment (1.00),

it drops to 0.767 in Iteration 2 as new content is added, then recovers to near-perfect

alignment (0.999) in Iteration 3. Similarly, Vendi Score A (answer diversity) shows a

comparable pattern, peaking at 1.625 in Iteration 2 before stabilizing at 1.5 in Iteration 3.

These temporary fluctuations reflect the natural trade-off between coverage expansion and

maintaining document fidelity, a pattern that validates the curmudgeon’s role in balancing

comprehensiveness, diversity, and faithfulness through iterative refinement.

� Vendi Score patterns demonstrate the curmudgeon’s dual optimization: Question di-

versity increases consistently from 1.436 to 1.59, while the balanced generation score (G)

improves from 0.66 to 0.742, showing enhanced overall system performance despite the

intermediate adjustments in answer diversity.

B.6 Computational Cost Analysis

CIR3’s multi-agent architecture with iterative refinement requires careful consideration of com-

putational resources for practical deployment. We provide detailed cost breakdowns across

different infrastructure configurations to enable informed feasibility assessments.

Table B.3: Average CIR3 computational resource utilization for 1000 documents, comparing
Groq cloud API deployment and self-hosted p5.48xlarge instance with vLLM, showing token

consumption and round-trip inference times per component.

Component Tokens
Round trip inference time (s)

Groq AWS p5.48xlarge + vLLM

Classifier Agent 25 0.2 0.26
Moderator Agent 2007 1.7 2.17
Writer Agents 17287 13.71 17.54
Curmudgeon Agent 617 11.28 14.43
Diversity (Encoder) - 6.55 6.55

Total 19937 38 48.51

Table B.3 presents comprehensive resource utilization metrics for CIR3 across two deployment

scenarios: cloud-based API services (Groq8) and self-hosted infrastructure (p5.48xlarge9 with

8https://groq.com/pricing
9https://instances.vantage.sh/aws/ec2/p5.48xlarge?currency=USD

https://groq.com/pricing
https://instances.vantage.sh/aws/ec2/p5.48xlarge?currency=USD
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vLLM). The total token consumption per document averages 19937 tokens across all agents,

with writer agents consuming the majority (17287 tokens, 86.7%) due to their iterative QA

generation and refinement processes.

B.6.1 Component-Level Analysis

The computational distribution reveals strategic resource allocation: the classifier agent requires

minimal resources (25 tokens, 0.2-0.26s), enabling efficient subtopic identification. The moder-

ator agent consumes 2007 tokens (1.7-2.17s) for coordination tasks, while the diversity encoder

requires 6.5 seconds for Vendi Score computation via a self-hosted embeddings API10. The cur-

mudgeon agent runs in 11.28–14.43 seconds across configurations, reflecting its evaluation and

feedback generation steps.

B.6.2 Infrastructure Performance Analysis

To provide comprehensive feasibility assessment, we evaluated CIR3 across two distinct deploy-

ment architectures with detailed performance characteristics.

Table B.4: Comparative performance analysis of CIR3 deployment configurations showing
throughput, latency characteristics, and operational trade-offs.

Metric Groq (LPU) AWS p5.48xlarge + vLLM

Throughput (tokens/sec) 525 411
Total Processing Time (s) 38.0 48.5
Time to First Token (s) 0.22-0.3 0.2-0.4
Latency Consistency Deterministic Variable
Operational Complexity Minimal High
Deployment Flexibility Limited Full Control

Groq Cloud Deployment: Groq’s Language Processing Unit (LPU) architecture delivered

consistent performance, processing 19937 tokens in 38.0 seconds with sustained throughput

of approximately 525 tokens per second (Table B.4). The deterministic latency characteristics

(time-to-first-token: 0.22-0.3s) prove particularly valuable for multi-agent systems where round-

trip delays compound across iterative cycles.

Self-Hosted AWS Configuration: Our optimized AWS p5.48xlarge deployment (8xH100

GPUs with vLLM) achieved comparable performance: 19937 tokens in 48.5 seconds, sustaining

approximately 411 tokens per second. Key optimizations included continuous batching for

10https://github.com/huggingface/text-embeddings-inference

https://github.com/huggingface/text-embeddings-inference
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pipeline utilization, KV cache management to prevent memory thrashing, CUDA graphs with

FlashAttention for latency reduction, and tuned EFA/NCCL communication across GPUs11.

B.6.3 Practical Implications

The performance differential between configurations is modest (22% throughput difference),

with Groq achieving superior consistency while our AWS setup provides greater customization

capabilities. Both configurations demonstrate CIR3’s practical feasibility for production deploy-

ment. The throughput rates (411-525 tokens/second) support real-time document processing

applications, while the total processing time (38-49 seconds per document) remains reasonable

for comprehensive QA generation tasks. Despite the multi-agent complexity, CIR3 demonstrates

favorable cost-benefit ratios when considering the substantial quality improvements. The mod-

ular architecture enables selective deployment optimization, such as caching classifier results or

parallelizing writer agent operations, making the framework adaptable to various computational

budget constraints.

B.6.3.1 Cost Analysis for Knowledge Base Processing

To evaluate CIR3’s economic feasibility for large-scale deployment, we analyze the costs of

processing a knowledge base of 1000 documents across multiple infrastructure configurations.

Table B.5: Cost analysis for processing 1000 documents across deployment configurations.
Note: Cost and time estimates are based on sequential execution and do not account for batch

processing optimizations, which would reduce these numbers considerably.

Configuration Total Cost Cost per Document Processing Time

Groq Cloud (Llama 3 70B) $16.90 $0.0169 10.6 hours
AWS p5.48xlarge (8xH100, Spot) $253.07 $0.25 13.5 hours
AWS p4de.24xlarge (8xA100, Spot) $158.65 $0.16 13.5 hours*

*Estimated processing time; actual performance may vary.

Groq Cloud Pricing: Based on Groq’s current pricing structure [232], using Llama 3 70B

(our primary model) costs $0.59 per million input tokens and $0.79 per million output tokens.

For CIR3’s token distribution (19,937 tokens per document with approximately 70% input and

30% output), the cost per document is approximately $0.0169. Processing 1000 documents

11Elastic Fabric Adapter (EFA) enables low-latency interconnect on AWS; NCCL provides high-performance
multi-GPU/multi-node collectives: https://developer.nvidia.com/nccl
https://docs.aws.amazon.com/AWSEC2/latest/UserGuide/efa.html

https://developer.nvidia.com/nccl
https://docs.aws.amazon.com/AWSEC2/latest/UserGuide/efa.html
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would cost approximately $16.90 in token fees, with processing completing in approximately

10.6 hours (Table B.5).

AWS Self-Hosted Configurations: We evaluated two AWS configurations for self-hosted

deployment:

� p5.48xlarge (8xH100): At $18.746 per hour spot pricing12, processing 1000 documents

(13.5 hours) costs approximately $253.07

� p4de.24xlarge (8xA100): At $11.752 per hour spot pricing, the same workload costs

approximately $158.65

It is important to note that in practical deployments, self-hosted infrastructure typically serves

multiple applications beyond CIR3, effectively amortizing costs across various workloads. This

shared utilization significantly improves the cost-effectiveness of dedicated GPU clusters for

organizations running multiple AI applications.

B.6.3.2 Cost-Benefit Analysis

The substantial quality improvements achieved by CIR3 (+23% comprehensiveness, +17% faith-

fulness compared to baselines) justify the computational overhead for applications requiring

high-quality QA generation. CIR3 is particularly well-suited for batch processing scenarios

such as:

� Knowledge base creation and augmentation for enterprise documentation.

� Dataset indexing and enrichment for information retrieval systems.

� Educational content processing for automated quiz and assessment generation.

� Research literature analysis for systematic review and knowledge extraction.

� Financial document processing for banking, investment analysis, and regulatory compli-

ance.

� Legal and compliance document processing for searchable QA databases.

� Scheduled document processing pipelines for content management systems.

12AWS pricing may vary across regions: https://aws.amazon.com/ec2/spot/pricing

https://aws.amazon.com/ec2/spot/pricing
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For batch processing workflows, AWS spot pricing offers significant cost advantages, with the

p4de.24xlarge configuration providing a favorable balance between performance and cost. When

infrastructure is shared across multiple applications, the effective cost per CIR3 document de-

creases substantially, making large-scale deployment highly economical.
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