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Abstract

Quantitative research increasingly relies on unstructured financial content such as
filings, earnings calls, and research notes, yet existing LLM and RAG pipelines
struggle with point-in-time correctness, evidence attribution, and integration into re-
search workflows. To tackle this, We present QuantMind, an intelligent knowledge
extraction and retrieval framework tailored to quantitative finance. QuantMind
adopts a two-stage architecture: (i) a knowledge extraction stage that transforms
heterogeneous documents into structured knowledge through multi-modal parsing
of text, tables, and formulas, adaptive summarization for scalability, and domain-
specific tagging for fine-grained indexing; and (ii) an intelligent retrieval stage
that integrates semantic search with flexible strategies, multi-hop reasoning across
sources, and knowledge-aware generation for auditable outputs. A controlled
user study demonstrates that QuantMind improves both factual accuracy and user
experience compared to unaided reading and generic Al assistance, underscoring
the value of structured, domain-specific context engineering for finance.

1 Introduction

The growing reliance on unstructured financial data, including SEC filings, earnings call transcripts,
and broker research notes, has fundamentally influenced quantitative finance. Domain-specific
language models like FinBERT [1]], BloombergGPT [2]], and FinGPT [3], together with retrieval-
augmented generation (RAG) pipelines [4} |5 6], have advanced financial NLP and retrieval. However,
they continue to face persistent challenges: @ lack of point-in-time correctness, @ insufficient evi-
dence traceability, and ® limited integration with quantitative research workflows. These limitations
restrict their reliability in practical financial applications.

The rise of long-context and agent-oriented large language models (LLMs), such as GPT-4 [7] and
Claude [8]], highlights the need for structured, agent-readable knowledge frameworks in finance.
While general frameworks such as agents.md [9] and claude.md [10]] provide broad design prin-
ciples, they do not address the domain-specific requirements of financial research. Meeting these
demands requires transforming heterogeneous and dynamic financial artifacts into structured, au-
ditable knowledge that supports reproducible reasoning and seamlessly integrates with customizable
research workflows.
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To address these gaps, we propose QuantMind, an intelligent knowledge extraction and retrieval
framework tailored to quantitative finance. Our contributions are threefold:

* We design a two-stage decoupled architecture comprising knowledge extraction and intelligent
retrieval, enabling point-in-time correctness, provenance preservation, and reproducibility.

¢ In the extraction stage, we introduce Al-driven multi-modal parsing, adaptive summarization
with cost-optimized chunking, and domain-specialized tagging for fine-grained indexing.

* In the retrieval stage, we develop a flexible retrieval pattern architecture supporting both DeepRe-
search and RAG, unified knowledge representation with vectorization readiness, and a flow-based
orchestration layer inspired by multi-agent systems.

2 Related Work

Retrieval-Augmented Generation and Context Engineering. RAG combines a retriever and a
generator, typically built on dense encoders (e.g., SBERT [11]]) and ANN indexes (e.g., FAISS [12]).
Standard pipelines operate in a straightforward manner: documents are chunked, embedded, and the
top-k results are concatenated [4}, [11},[13]]. This design often produces weak provenance. To address
these limitations, context engineering introduces reranking [[14} [15]], multi-hop retrieval [16}, [17]],
and structure-aware methods [18} [19]. Nevertheless, existing systems remain fragment-centric and
version-insensitive. In financial applications, where critical evidence is distributed across tables,
footnotes, and figure captions, such fragmentation undermines reference integrity and disrupts.

Scientific Knowledge Management Systems. Beyond finance, infrastructures such as the Semantic
Scholar Literature Graph, S20RC [20]], and ORKG [21]] demonstrate how structured corpora and
knowledge graphs can facilitate search and enable limited forms of reasoning through explicit
structure and versioning [22]]. However, these systems are domain-general and do not provide an
agentic, finance-aware layer capable of multistep, auditable, retrieval-augmented reasoning over
continuously evolving documents.

3  QuantMind

QuantMind adopts a two-stage decoupled architecture that separates knowledge extraction from intel-
ligent retrieval, as illustrated in Figure|l| The framework consists of two main stages: 1) Knowledge
Extraction Stage, which transforms unstructured financial content into structured knowledge units,
and 2) Intelligent Retrieval Stage, which enables dynamic retrieval patterns for knowledge access and
analysis.
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Figure 1: Architecture of QuantMind. The framework follows a two-stage design: (i) knowledge
extraction, which structures heterogeneous financial documents via multi-modal parsing, summariza-
tion, and tagging; and (ii) intelligent retrieval, which supports semantic search, multi-hop reasoning,
and knowledge-aware generation for quantitative research.

Stagel: Knowledge Extraction. Reliable LLM analysis, reasoning, and QA depend on the quality
of source data [23| 24]]. We therefore build a knowledge extraction pipeline that starts with large scale
crawling and continues with multimodal parsing and enrichment:



» Multi-Modal Parsing. In quantitative finance, key insights are often encoded not only in text but
also in tables of results, figures of market dynamics, formulas defining models, and even podcast
and video modalities, ignoring these modalities risks of incomplete or biased knowledge extraction.
To address this, we adopt a multi-modal parsing operator P (implemented with LlamaParse that
decomposes a financial document D into P(D) = {T, F, M, S}, where T denotes textual passages,
F visual and tabular elements, M symbolic mathematical content, and .S the semantic organization
that integrates them. By preserving cross-modal dependencies, the extracted knowledge serves as an
abstraction that encodes both the content and the underlying logical-empirical relations of the paper.

" Adaptive Summarization. Long documents are costly to be processed directly. To improve
scalability, we split the content C' = {¢y, . . ., ¢,, } into semantically coherent segments and summarize
each segment with a lightweight model s; = Mcheap(c;). These local summaries are then aggregated
by a more expressive model Sgpg = Mpowerfu](31 @- - @ sy ), where @ denotes ordered concatenation.
This two-stage design reduces cost since CoStipr = 1 - Cost(Meheap) + Cost(Mpowerful) < 7 -
Cost(Mpowerfut ), While retaining fidelity at the global level.

= Domain-Specialized Tagging. To better capture relationships across papers, we introduce a high-
dimensional tagging scheme that provides fine-grained indexing. Each paper P is enriched with
structured labels covering its primary research area, secondary topics, methodological orientation,
and application domain. For robustness, each tag t; is associated with a confidence score ¢; =
f(C,t;, M) € [0, 1], computed by a discriminative tagging model M,s, which supports domain-
aware retrieval and systematic cross-paper comparison.

Stage2: Intelligent Retrieval. Once high-quality knowledge units are extracted, the next challenge
lies in retrieving and integrating them for downstream reasoning and question answering. This stage
equips the framework with flexible retrieval patterns, multi-hop reasoning, and knowledge-aware
generation.

= Adaptive Retrieval Strategies. Given a query ¢ and a knowledge base K, the framework
dynamically selects retrieval patterns. For simple factual queries, a lightweight RAG-style ap-
proach retrieves once, R = Retrieve(q, K '), and augments generation with this context to produce
an answer. For more complex reasoning, a DeepResearch process iteratively expands context,
R; = Retrieve(q ® Ri—1,K), Rfna = Mieason(q, R1, ..., R,,), balancing efficiency with the
need for depth.

w Multi-Hop Reasoning. Certain queries require connections that span multiple documents or
methodologies. To support this, the system performs iterative retrieval and synthesis across hops,
progressively enriching the query until it captures the necessary context. This mechanism enables con-
ceptual linking (e.g., relating market regimes), methodological comparison (contrasting algorithms),
and empirical validation across independent studies.

w Knowledge-Aware Generation. The retrieved context R onex 1S integrated with the query to enhance
both the generation of questions and answers. Enriched questions Qenhanced = Megen(¢ @ Reontext)
incorporate broader connections, while answers Ans = Mus(Qenhanced; ¢ D Reontext) combine local
content with the retrieved knowledge. This allows the system to move beyond factual responses,
supporting comparative reasoning, cross-domain insights, and temporally informed analysis.

4 User Study

Goal and Design. The aim of this study is to assess whether QuantMind improves quantitative
finance research performance relative to unaided reading and a generic Al assistant. We define
research performance as the ability to: (i) extract factual information from academic papers (e.g.,
factor definitions, alpha sources, return characteristics), and (ii) perform higher-level reasoning (e.g.,
evaluating factor generalization across markets, horizons, or methodological extensions).

We employed a within-subjects repeated measures design with counterbalancing to control for
potential learning and fatigue effects. Each participant completed six tasks, each derived from a
distinct finance paper, under one of the following three conditions: @ Without AI: Participants
relied exclusively on their own reading and research skills; ® With AI Assistant: Participants were
provided with assistance generated by a generic LLM (GPT-40), using a fixed prompt created prior to
the study to supply supplementary information without offering direct answers; ® With QuantMind:
Participants received assistance generated by the proposed QuantMind framework, which employed



domain-specific RAG from a structured knowledge base. The prompting strategy was optimized to
extract and synthesize relevant information from both the focal paper and related research.

To balance exposure across conditions, we applied a Latin Square design [25] with participants and
papers as blocking factors, ensuring equal representation of each condition and controlling for order
effects. The detailed assignment is provided in Appendix

Corpus. We curated a set of six seminal papers in quantitative finance (see Appendix[A.3), selected
to capture both historical breadth and methodological diversity. The corpus spans foundational
contributions in financial economics, canonical studies in factor modeling, and recent works situated
at the intersection of machine learning and quantitative finance. For each paper, we designed
two distinct categories of evaluation tasks: @ Information-extraction questions (3—4 per paper):
objective queries with verifiable ground-truth answers, such as precise definitions of factors, data
sources, or performance statistics. Responses were scored against a pre-defined answer key. @
Analytical questions (1-2 per paper): open-ended tasks requiring higher-order reasoning, including
the evaluation of factor generalizability across markets, time horizons, or methodological extensions.
Responses were assessed using an LL.M-as-a-judge framework [26], which enabled systematic
comparison of logical coherence, depth, and interpretive accuracy.

Metrics. We evaluated research performance along two principal dimensions: Quality: quality
of answers judged upon subjects’ comprehension, logic, as well as the breadth and depth of their
insights. UX Rating: subjective evaluation of Al assistance on a 5-point Likert scale covering 4
dimensions: relevance, accuracy, helpfulness, and clarity.

Statistical Analysis. We analyzed both performance metrics (Quality and UX Rating) using linear
mixed-effects models to account for the within-subjects repeated measures design:

Yijp = p+ 7+ s+ pr + €5 (1)

where Y, is the observed value for treatment ¢, subject j, and paper k; i is the grand mean; 7;
denotes the fixed effect of treatment condition; s; ~ N(0,02) and py ~ N(0,07) are random
intercepts for subject and paper, respectively; and €;;; ~ N(0,02) is the residual error.

Such model specification allows us to isolate the treatment effect while accounting for subject- and
paper-level variability. To further assess differences between assistance conditions, we conducted
post-hoc pairwise comparisons using Tukey’s HSD (o = .05), and quantified effect sizes with
Cohen’s d.

Results. Table 4] reports descriptive statistics and pairwise differences. Each treatment condition
includes approximately equal numbers of observations (66—68), and the variance structure indicates
heterogeneity across both participants and papers. For Quality, QuantMind significantly outper-
forms both baselines: a 1.14-point gain over the no-Al condition (p < 0.001) and a 0.43-point gain
over the generic Al assistant (p = 0.001). For UX Rating, while the overall treatment effect was
not significant at the conventional level (p = 0.108), QuantMind improved average ratings by 0.38
points and yielded a statistically significant enhancement in perceived helpfulness (p = 0.003). These
findings suggest that QuantMind not only enhances the accuracy and depth of research outputs but
also provides a more supportive user experience compared to both unaided reading and a generic
Al assistant. Complete statistical outputs, including confidence intervals and additional pairwise
contrasts, are provided in Appendix [A.4]

Metric Treatment n Mean SD Median Min-Max

Without Al 66 3.11  0.68 3.0 1.0-4.5
Accuracy (0-5) Al Assistant 68  3.82 0.64 4.0 2.0-5.0
QuantMind 66 4.25 0.55 4.5 3.0-5.0

Without AI 66 — —
UX Rating (1-5) Al Assistant 68 3.78  0.62 4.0 2.0-5.0
QuantMind 68 421 0.55 4.0 3.0-5.0

Table 1: Descriptive statistics of accuracy and UX ratings across treatment conditions, showing n,
mean, SD, median, and range.



5 Conclusion

We introduced QuantMind, a framework that converts heterogeneous financial artifacts into a struc-
tured, agent-readable knowledge base with domain-aware retrieval. Its decoupled extraction and
retrieval stages ensure point-in-time correctness, provenance, and reproducibility, while supporting
DeepResearch, RAG, and structured natural language access. A controlled study confirms that
QuantMind improves both accuracy and efficiency in quantitative research.
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A Detailed Experimental Results

A.1 Prompt Design

We detail the prompts used in the experiment to ensure consistency across conditions. The Al
Assistant Prompt provides generic background information, the QuantMind Structured Prompt adds
domain-specific context from the knowledge base, and the LLM Judge Prompt specifies the evaluation
criteria for answer quality. Full prompt texts are shown below.

Al Assistant Prompt

Based on the provided research paper, generate helpful background information and relevant
concepts that could assist in answering the following question, but do not provide direct
answers.

QuantMind Structured Prompt

Retrieve and synthesize relevant concepts, methodologies, and contextual information from
the quantitative finance literature to provide comprehensive background support for addressing
the following question, ensuring no direct answers are provided.

LLM Judge Prompt for Answer Quality Evaluation

| r
\

Please evaluate the quality of answers from the following 6 participants for the same
academic question.

Paper Context: {paper_context}
Question: {question_text}
Answers: {formatted_answers}

Please rate each participant’s answer on a scale of 1-5 (with one decimal point al-
lowed) based on the following criteria:

Scoring Criteria:

1 point: Answer is completely irrelevant, incorrect, or incomprehensible

2 points: Answer is mostly irrelevant, showing little understanding of the question

3 points: Answer is partially relevant with some understanding but lacks depth

4 points: Answer is relevant with reasonable depth and clear logic

5 points: Answer is highly relevant, demonstrates deep analysis, rigorous logic, and unique
insights

Note:

- For participants marked as "No response," please return "No response”

- Only rate participants who provided substantive answers

Please return the scoring results in the following format:
Participant 1: X.X points
Participant 2: X.X points
Participant 3: X.X points
Participant 4: X.X points
Participant 5: X.X points
Participant 6: X.X points

Please ensure that your evaluations are objective and impartial, based on the content quality,
logical coherence, and relevance of each answer.

\. J

A.2 Counterbalanced Assignment in Within-subjects User Study

To mitigate order and sequence effects, we adopted a counterbalanced assignment scheme based on
an incomplete Latin square design. This approach ensured that each assistance condition (Without Al



[W], Baseline Al Assistant [B], and QuantMind [C]) appeared with approximately equal frequency
across participants and papers, while preventing systematic biases due to task ordering. Table 2]
illustrates the assignment matrix, where rows correspond to participants and columns to the six
curated papers.

Participant ~ Paper 1 Paper 2 Paper 3 Paper 4 Paper 5 Paper 6
Subject 1 W w B B C C
Subject2 W B B C C w
Subject3 B B C C W \
Subject4 B C C Y w B
Subject5 C C 4 % B B
Subject 6 C w w B B C

Table 2: Counterbalanced assignment under an incomplete Latin square. Rows denote participants,
columns denote papers, and entries indicate assistance conditions: Without Al (W), Baseline Al
Assistant (B), or QuantMind (C).

A.3 Selected Research Papers and Question Design

Table 3] presents the mapping between paper IDs and the corresponding evaluation questions used
in the user study. For clarity, the six paper IDs correspond to the following works. P1: Anomalies
in the China A-share market [27]; P2: Good volatility, bad volatility, and the cross section of stock
returns [28]]; P3: Overnight returns, daytime reversals, and future stock returns [29]]; P4: Panel
data nowcasting: The case of price—earnings ratios [30]; P5: Replication of Reference-Dependent
Preferences and the Risk-Return Trade-Off in the Chinese Market [31]]; and P6: The pricing of
options and corporate liabilities [32]].

Paper Question Question

ID ID

1 1 Based on the paper, which factors do you think perform strongest in
the Chinese A-share market? How would you explain the source of
these factor returns?

1 2 Which factors underperform in the paper? In your research or prac-
tice, how would you improve these factors or explore their potential
value?

1 3 Apart from short-selling constraints, state-owned enterprises, and
market reforms, what other China-specific factors might affect factor
performance?

1 4 How do you assess the robustness and practicality of a factor in
quantitative investment practice?

1 5 Does this paper provide clues about future research directions for
factors? What new ideas do you have for future research?

1 6 If you were to construct a new factor from scratch, how would you
use the methodology in this paper to validate its effectiveness?

7 What is the core idea of the paper?
What data is needed to construct trading signals? What are the time
frequencies of these data?

2 9 Which stock market data was used for backtesting in the paper? What
metrics were selected for the backtest?

2 10 Pseudocode for calculating the simplest version of the factor?




Table Continued

Paper Question  Question
ID ID
2 11 What is the source of returns for this factor? What type of factor is
it?
12 Can other factors be derived from this factor?
13 What is the core idea of the paper?
14 What data is needed to construct trading signals? What are the time
frequencies of these data?
3 15 Which stock market data was used for backtesting in the paper? What
metrics were selected for the backtest?
16 Pseudocode for calculating the simplest version of the factor?
3 17 What is the source of returns for this factor? What type of factor is
it?
18 Can other factors be derived from this factor?
19 What is the approach of the study for constructing predictive factors?
20 How is the sparse group LASSO (sg-LASSO) regularization method
defined in the paper? Provide the formula and explain the parameters.
4 21 What are the inputs of the machine learning models used in the
paper?
4 22 What are the limitations of the models in the paper?
23 What is the core idea of the paper?
5 24 What data is needed to construct trading signals? What are the time
frequencies of these data?
5 25 Which stock market data was used for backtesting in the paper? What
metrics were selected for the backtest?
5 26 Write pseudocode for calculating the simplest version of the factor.
27 What is the source of returns for this factor? What type of factor is
it?
28 Can other factors be derived from this factor?
6 29 Describe the basic assumptions and derivation idea of the Black-
Scholes option pricing model.
6 30 What parameters are set in the model? Please explain their economic
meaning.
6 31 When the market exhibits a "volatility smile," how does the Black-
Scholes model explain this deviation?
32 Provide the formula used for pricing with the Black-Scholes model.
33 What are the limitations of the Black-Scholes model in actual mar-
kets?
6 34 Assuming you are an options trader, how would you use the Black-

Scholes model to identify overvalued or undervalued options?

Table 3: Mapping of Questions to Paper IDs.
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A.4 Raw Experimental Results

A.4.1 Per-Participant Results

Table [ presents the UX rating result. The subject and paper ID columns in this table correspond to
the respective columns in Table 2]

subject paper ID assistancelvl relevance accuracy helpfulness clarity average

1 3 3.5
3.75
4
4.25
4
4.25
3.75
4.25
1.5
3
2.25
3.5
3.75
4.5
5
5
4.75
3.5
4.5
5
4.5
4
3.5
4.5

AN NUNUNANE BB BRWWLWWWLWPRPDNOND ===

AR UNHANDRLAAUNLWODAR,RWRLNDOUNRAE WDV AW
LW NN WWERNINWWERNNDWWENRNDWWNNDWWNN
LMW pbhbphbhunbhrpbhbuwouOhbh,bhobRrNDRRPR,Opl,oonpbWw
BN NE S Y WY, B SN UV IR O, V) I S UV SO IR N O R T = T UANE S N S SN
B ALY I SV, BV, IV, O I S NO R S R i e i A TRV B S S
NWPhAUWUBEAWLWULULLULLOULEE WD =B WDPERWWDN W

Table 4: Raw results about UX rating.

Table[A.4.T|presents the accuracy scores for user responses, categorized by question. The first two
columns, "Question ID" and "Paper ID," identify each question and its corresponding source paper.
The subsequent columns, labeled "Score 1" through "Score 6," report the accuracy scores, providing
a quantitative measure of the correctness of the answers.
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question ID paper ID participant 1 participant 2 participant 3 participant 4 participant 5 participant 6

1 1 3.5
2 1 4.0
3 1 3.0
4 1 3.5
5 1 3.0
6 1 3.5
7 2 1.0
8 2 3.0
9 2 4.0
10 2 3.0
11 2 4.0
12 2 2.0
13 3 3.5
14 3 3.0
15 3 4.0
16 3 4.0
17 3 4.0
18 3 4.0
19 4 4.0
20 4 45
21 4 4.0
22 4 4.0
23 5 4.0
24 5 4.0
25 5 4.0
26 5 5.0
27 5 45
28 5 4.0
29 6 5.0
30 6 45
31 6 5.0
32 6 5.0
33 6 5.0
34 6 5.0

Table 5: Raw result of Answers Quality.

A4.2 Aggregated Summary Statistics

Answer Quality User Experience

Metric Estimate  ¢-value p-value Estimate  t-value p-value
Fixed Effects

Intercept (Lv1/Lv2) 3.106 15.60 5.25 x 1078 3.750 1196 1.19x107°

Lv2 vs Reference 0.711 6.07 6.97 x 107° - - -

Lv3 vs Reference 1.139 9.76 <2x10716 0.375 1.70 .108
ANOVA

F-value 48.44 <22x10716 2.89 1075

DenDF 187.0 17.0
Random Effects (Variance)

Subject ID 0.1485 0.4441

Paper ID 0.0475 0.0000

Residual 0.4509 0.2923

Table 6: Summary of mixed-effects model results.

Model Specifications:

Answer Quality: REML criterion at convergence = 434.7, N = 200
User Experience: REML criterion at convergence = 50.1, N =24

Note:

Reference levels: Lvl (Without AI) for Answer Quality; Lv2 (Generic Al) for User Experience.
p < .001; User experience model showed singular fit (Paper ID variance = 0).

ok ok

Significance codes:
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Answer Quality User Experience

Comparison Estimate  p-value Dimension p-value
Pairwise Comparisons Dimension Analysis
Lvl -Lv2 -0.711 < .0001 Relevance 2053
Lvl -Lv3 -1.139 < .0001 Accuracy 1577
Lv2-1v3 -0.428 .0009 Helpfulness .0028
Clarity .5984
Residuals Distribution Descriptive Stats
Minimum -3.094 Lv2 Mean 3.75
1Q -0.615 Lv3 Mean 4.12
Median 0.139 Improvement +0.37
3Q 0.623
Maximum 3.040

Table 7: Post-hoc comparisons and descriptive statistics.

B Discussion

Limitations. QuantMind faces several constraints: (i) potential retrieval drift under temporal or
domain shifts; (ii) a limited sample size in the user study; and (iii) incomplete coverage beyond
equities, with credit, rates, and derivatives requiring broader taxonomies and schemas.

Ethics. All sources are restricted to publicly available documents with licensing/ToS respected.
User-study participants provided informed consent. Only minimal telemetry (timing and UX ratings)
was logged, and all reported results are aggregated.
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NeurlIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: Yes, the main claims made in the abstract and introduction accurately reflect
the paper’s contributions and scope.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Yes, we discuss the limitations in Appendix B}
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
Justification: No new theorems are proposed. Because this paper is a LLM-based framework
paper with a comprehensive evaluation.
Guidelines:
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» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results of the paper to the extent that it affects the main claims and/or conclu-
sions of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: Yes. Study protocol, metrics, and analysis plan are detailed in Section 4]
Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: Yes. In the final camera-ready version we will release all data and code.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.
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¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https !
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer, etc.) necessary to understand the results?
Answer: [Yes]
Justification: Yes. The paper specifies all materials, tasks, and evaluation metrics in Sec-
tion @4l
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: Statistical significance was assessed with linear mixed-effects models, post-hoc
tests, and effect sizes with confidence intervals. Variability and small-/N limitations are
explicitly noted.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).
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8.

10.

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Details on hardware specifications, indexing, and query execution time are
provided in the Appendix [A]to ensure reproducibility.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Yes, we have reviewed the NeurIPS Code of Ethics and ensured full compliance
throughout our research process.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Positive impacts (faster, auditable research) and risks (misinterpretation,
licensing) discussed in Ethics in Appendix

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.
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12.

13.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: No risky pretrained models or scraped image datasets are released; source ToS
respected.

Guidelines:

* The answer NA means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All papers used in the user study are properly cited and listed in Appendix[A.3]
Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Documentation for indices, prompts, and taxonomies will accompany
anonymized release.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.
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* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: Not crowdsourcing; small-sample user study with instructions, compensation
(if any), and consent in supplement.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA|

Justification: Institutional requirements vary; if applicable, we will disclose IRB/ethics
review in camera-ready while keeping anonymity.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: LLM components (prompting, tool-augmented retrieval, and evaluation scaf-
folds) are part of the core system and are described with pointers to Sections 3}}4] and
Appendix

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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