NLP-Driven Proxy Retrieval for Illiquid Bond Pricing

Arturo Oncevay”* Joy Sain* Simerjot Kaur
JPMorgan Al Research JPMorgan Al Research JPMorgan Al Research
Nichole Ling Charese Smiley Xiaomo Liu
JPMorgan PricingDirect JPMorgan Al Research JPMorgan Al Research

Manuela Veloso
JPMorgan Al Research

Abstract

In finance, pricing illiquid bonds is a complex challenge due to their infrequent
trading and market data scarcity. This paper presents a novel generative Al and
NLP-based framework to retrieve liquid proxy bonds, enhancing scalability. Our
end-to-end pipeline comprises three modules: (i) Public Information Discovery, (ii)
Profiling, and (iii) Matching. Using web data and Large Language Models (LLMs),
we generate descriptive summaries and keywords for illiquid bonds and match
them with liquid candidates, reducing manual effort. Rigorous evaluation achieved
a 71.4% query success rate, and the scalable solution, ~9x faster than a manual
approach, has been well-received by industry experts. We are now deploying this
pipeline to production, aiming to improve the process of illiquid bond pricing.

1 Introduction

Accurate bond pricing is crucial for financial markets, guiding investment decisions. Key factors
influencing bond prices include interest rates, credit risk, and market conditions. While liquid bonds
are easily priced due to available data, illiquid bonds pose challenges due to infrequent trading and
data scarcity [Gu et al., 2020, |[Koziol and Sauerbier, 2003, leading to potential inaccuracies in
valuations and risk assessments. Accurate valuations are essential for regulatory compliance and
asset allocation. A common approach is to identify comparable issuers and use their liquid bonds as
proxies, ensuring valuations reflect market sentiment and conditions.

Existing bond pricing models often focus on direct price estimation using ML [Huang et al., 2023
Dolphin et al., [2024]] but overlook the complexity of identifying suitable proxies. Prior research
highlights liquidity’s role in valuation [(Meni) Abudy et al., 2018| Longstaff et al., 2004} /Chen et al.,
2007, Marcatol, 2018, |Goldstein and Hotchkissl 2020, |Baviera et al.| 2021]], yet many models rely
solely on quantitative data, neglecting issuer-specific insights. Despite advancements in financial
NLP [Chang et al.| 2016/ [Tsai and Wang} 2012, Mavi1 et al., 2023|], no studies address CUSIP-level
proxy identification using generative Al (see more related work in in the Appendix).

We propose a generative Al and NLP-driven methodology that automates the discovery and profiling
of comparable issuers for pricing illiquid bonds. Our pipeline consists of three modules: (i) Public
Information Discovery, gathering issuer data from the web; (ii) Issuer Profiling, extracting and
summarizing issuer-specific details with generative models; and (iii) Proxy Matching, identifying
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liquid proxies using a three-stage retrieval approach. Our work provides a comprehensive evaluation,
including quantitative metrics and human assessment, and advances Al-driven bond pricing.

2 Methodology

To identify comparable issuers for illiquid bonds, we propose an end-to-end pipeline leveraging NLP
and generative Al to automate this process, illustrated in Fig. [I] and structured into three modules
(Figs. @] BJand[6]in the Appendix include more details per module):

2.1 Public Information Discovery

This module systematically gathers publicly available information on issuers of illiquid and liquid
bonds, focusing on unique CUSIPs linked to parent companies. The process begins with Website
Search, wherein search queries are formulated using the issuer’s name (e.g., ISSUER_NAME +
ABOUT) and retrieving results via a search engine. If the initial results yield insufficient information,
we expand the query scope by including the parent company’s name.

We then perform Website Filtering to ensure accuracy and reliability. We prioritize reliable sources
such as the company’s official website and Wikipedia. The filtering algorithm specifically targets
ABOUT Us pages, selecting relevant sites for extraction.

Finally, in Content Extraction, relevant information is retrieved and processed. For company
websites, HTML parsing isolates key sections from ABOUT Us pages. For Wikipedia, the MediaWiki
API is used to collect summaries, extract infobox data, and parse additional content.

2.2 Issuer Profiling

In this module, we use an LLMﬂ to build an issuer profile based on the gathered data. Generative
models, such as LLMs, are robust models for summarization, information extraction [[Chang et al.|
2024]], and do not require task-specific labeled data [Huang et al., 2023} [Dolphin et al., 2024]].

First, we focus on Data Refinement of the raw web-extracted data to ensure relevance. Using various
prompts, we extract key details such as the issuer’s location of operation, a concise summary of its
business activities, and industry-related keywords that aid in classification and market positioning.

Second, we obtain the Semantic Representation of the extracted information. We convert the key-
words obtained from the Wikipedia infobox into complete sentences that represent the issuer’s areas
of operation. For instance, CLOUD COMPUTING and DATA ANALYTICS become "THE COMPANY
SPECIALIZES IN CLOUD COMPUTING AND DATA ANALYTICS". We then generate vector represen-
tations using a pretrained Transformer-based sentence embedding model [Reimers and Gurevychl
2019||. The embeddings capture different aspects of an issuer’s profile, forming a multi-view semantic
representation using LLM-generated summaries, extracted keywords from the company website or
Wikipedia, plus mean and max-pooling vector operations to further refine the representations.

The third step is the Industry Classification of the issuers into a three-level hierarchy of Sectors,
Groups, and Subgroups, which is predefined from our businessﬂ For this hierarchical classification
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task, we follow a bottom-up approach and use a Nearest-Neighbor classifier plus cosine similarity
as the distance metric, comparing Subgroup definitions with issuer representations. To do so, we
also leverage LLMs to obtain definitions for each Subgroup. The top-5 predictions from each feature
embedding (e.g. keywords or summary) are aggregated, ensuring a more robust classification.

2.3 Proxy Matching

In the final module, our goal is to identify a list of comparable candidates and relevant CUSIPs of
issuers with liquid bonds. This process involves a three-stage retrieval system that combines semantic
representation and weighted ranking to derive the most relevant and comparable candidates.

The first stage is Retrieve Top Candidates, which involves calculating the cosine similarity between
the embedding representations of the query issuer’s profile (description and keywords) with those of
issuers with liquid bonds from a large bonds database. In other words, for each query, we retrieve the
top-k candidates based on a semantic similarity approach. We use a parameter « (ranging from 0 to
1) to weight the contributions of the description and keywords in the similarity calculation.

The second retrieval stage is Re-rank, where we use a reranker model for the retrieved top-k
candidates. Typically, a reranker is a Transformer-based model fine-tuned for reordering inputs based
on textual descriptions. Lacking annotated data for training, we leverage an LLM as a zero-shot
reranker. The LLM receives a structured (JSON formatted) prompt, including a task description,
query inputs (issuer name, description summary, keywords), and the initial ranked list of top-k
candidates’ details, and returns a reranked list.

The final retrieval stage is CUSIP Matching, where we expand the retrieval system to the CUSIP level
to find the best proxies for illiquid issuers. This involves analyzing various categorical market factors
such as location, currency, and industry sector, each assigned a weight to reflect its importanceﬂ The
weighted score determines the degree to which each candidate matches user-specified criteria, and
the top-k comparable issuers’ CUSIP entries are ranked based on the maximum weighted score.

3 Evaluation and Results

Each component of the pipeline has a distinct objective and requires specific evaluation, yet the
overall evaluation is interconnected, especially for the last module of Proxy Matching.

Public Information Discovery We measure the query success rate (QSR) to assess the retrieval
of relevant content across different type of websites. Table [I)in the Appendix presents QSR scores
for 3,000 issuers using DuckDuckGo (DDG) and Google Search (GSearch). The highest QSR was
achieved from company pages, with DDG at 71.45% and GSearch at 89.16%. Wikipedia entries
showed moderate retrieval rates, with DDG at 70.25% and GSearch at 68.62%. The variability in
QSR scores underscores the need for diverse data sources to enhance coverage. DDG was chosen for
the final pipeline due to its strong privacy focus and unbiased results from non-personalized searches.

Issuer Profiling Evaluating issuer profiling, a generation task, is challenging due to the subjective
nature of outputs. Therefore, we assess performance through a downstream task on text classification,
generating descriptions and keywords to classify companies into industry sectors, groups, and
subgroups. Table[2|in the Appendix reports accuracy scores using the MSMARCO-ROBERTA-BASE-
V2 pretrained model [Reimers and Gurevych, |2019]. An ablation study highlights the significance of
feature views, including summaries, keywords, and infobox industries. At the sector level, accuracy
reaches 83.02% for top-2 and 87.98% for top-5 predictions. Group classification achieves 70.81%
for top-2 and 79.51% for top-5 predictions, demonstrating the effectiveness of combined features.
Subgroup classification, being more specific, has lower accuracy at 58.44% for top-5 predictions,
consistent with literature on hierarchical text classification [Rivas Rojas et al.; 2020} [Cao et al., 2023].
The "Company Keywords" feature is pivotal, with its removal leading to a decline in performance.

Proxy Matching and Pipeline Evaluation Proxy Matching is a retrieval task where we assess the
success of candidates in our top-k list using a human-annotated dataset. We conducted annotations
on two batches: 25 query issuers with 236 annotations of potential candidates for validation, and 200
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Figure 2: Benchmarking and tuning of « (x-axis,

"description weight") in the validation set. Figure 3: Reranking results (top-k=10) for the

best setting per embedding model in the test set.

query issuers with 3,639 annotations for testing. Annotators scored candidates from 1 to 5. A score
of 5 often indicates a proxy already in production. Experts provided comments, and discussions led
to the decision to treat scores of 3 to 5 as relevant. This process ensures that our system aligns with
expert judgment in identifying suitable proxies.

In the tuning phase, we compared three lightweight (<120M params.) sentence embedding mod-
els: MSMARCO-ROBERTA-BASE-V2, ALL-MINILM-L6-v2 [Reimers and Gurevych, 2019], and
MULTILINGUAL-ES5-SMALL [Wang et al.| 2024], tuning the o parameter from O to 1 using the
validation set (see Fig. [2). We focused on QSR and Recall, setting k to 20. Results showed similar
performance across models, with a=0.25 optimal for the first two models and «=0.5 for the third.
Furthermore, with the test set, we observe that the reranking model improved Recall, indicating the
potential of using an LLM as a zero-shot reranker (see Fig. [3). Overall, the highest QSR for relevant
scores (3-5) was 71.4%, demonstrating the system’s effectiveness in identifying suitable proxies and
expanding the pool of potential candidates for illiquid bond pricing. We note that the success of
CUSIP matching depends on the initial selection of candidates, as relevant candidates are likely to
have CUSIP-level details that align well with the weighted score of categorical variables. Finally,
regarding speed and efficiency, our pipeline processes each issuer in approximately 1.7 minutes,
which is about 9 times faster than manual expert analysis, which takes around 15 minutes per issuer.

4 Error Analysis and Discussion

Finally, we analyze the key challenges and limitations encountered during our pipeline stages using
expert feedback on 127 non-relevant answers from the test set, employing the MSMARCO-ROBERTA-
BASE-V2 model with v = 0.25. Errors were categorized into groups (see Fig. [7]in the Appendix):

Industry sector and subgroup mismatches account for 43% of errors, primarily due to the com-
plexity of multi-label classification and insufficient industry information in crawled descriptions.
This highlights the need for more comprehensive data sources to accurately capture issuers’ industry
affiliations. Profile mismatches, comprising 19.8% of errors, often result from ambiguous names,
suggesting the need for additional user input to clarify industry sectors and mitigate ambiguity. For
instance, names like "Magnolia Inc." could be misinterpreted (either as a florist or energy company)
without detailed descriptions. In 23% of cases, robust profiles were deemed less relevant, indicating
potential for our pipeline to offer insights beyond expert expectations, as some profiles may provide
new perspectives for future matches. Bonds/CUSIP missing errors, at 14.3%, highlight issues in the
matching stage, affected by errors propagated from earlier modules. This suggests future work to
expand search parameters and tune the reranker using feedback in a few-shot setting. Additionally,
website restrictions issues, not included in expert feedback, impede data extraction due to cookies
and security measures, necessitating alternative data sources or methods to bypass scraping obstacles.



5 Conclusion

The integration of generative Al and NLP techniques in bond pricing marks a significant advancement
in financial technology. By automating the identification and profiling of comparable companies and
enabling expert-assisted decisions, our approach addresses previous limitations, enhancing efficiency
and accuracy. This research contributes to more transparent financial markets and sets a new standard
for collaboration between human expertise and technology. Future work will focus on enhancing data
collection by incorporating alternative sources and overcoming web scraping restrictions, as well as
implementing a multi-label classification system for industry sectors and integrating user feedback to
refine issuer descriptions, thereby strengthening our illiquid bond pricing framework.

Limitations The work faces limitations due to the lack of publicly available datasets, reliance on
proprietary data and constraints in comparing diverse models. More details are in §A]in the Appendix.
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A Limitations

A key limitation of this work is lack of publicly available datasets for illiquid bond pricing, and
in particular, for classifying issuers into industry sectors or retrieve comparable issuers, making it
difficult to benchmark across industries. While we use proprietary datasets for building our pipeline

and evaluation, data privacy constraints prevent public release.

While we compare different pretrained sentence embedding models and use GPT-40 as the official
LLM for all the pipeline, due to compute and production environment constraints we have not been

able to compare with a more diverse set of embedding models or LLM:s.

Additionally, the pipeline-based architecture introduces challenges such as cascading errors, where
failures in early stages impact later stages. For instance, not being able to retrieve the correct official
website of the issuer, will classify it into an incorrect industry, and match with very different public

bond issuers.

B Supplementary Material

B.1 Methodology

Our pipeline is composed by three modules. Each of them is detailed in Figures @] [5]and [6]
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B.2 Results

Table [T] presents the results for the Public Information Discovery module, and Table [2] shows the
results for the industry classification task in the Issuer Profiling module.

DuckDuckGo  Google Search

Company/Other pages 71.45% 89.16%
Wikipedia entry 70.25% 68.62%
Infobox Industries 51.80% 47.67%
No Information 15.49% 3.61%

Table 1: Query Success Rate results for Discovery

Top-2 Accuracy Top-3 Accuracy Top-5 Accuracy
Features Sector Group Subgroup | Sector Group Subgroup | Sector Group Subgroup
All Features 83.02% 70.81% 46.47% 85.13% 74.98% 51.58% 87.98% 79.51% 58.44%
- Company Summary 81.84% 68.86% 44.75% 83.92% 73.31% 50.04% 86.89% 78.02% 56.95%
- Wikipedia Summary 82.00% 68.86% 44.61% 84.12%  73.36%  49.88% 87.08%  78.46%  56.98%
- Company Keywords 81.76%  68.48% 44.12% 84.14%  72.89%  48.94% 87.35% 77.83%  55.99%
- Wikipedia Keywords 82.63%  69.96% 45.13% 84.83%  741%  50.34% 87.68%  78.88%  57.23%
- Infobox Industries 82.22%  70.04% 45.21% 84.58%  74.43%  50.59% 87.43%  78.93%  57.64%
- Max-Pooled All Features 83.02%  70.51%  46.09% 85.1%  74776% 51.36% 87.96%  79.29%  58.22%
- Mean-Pooled All Features | 82.94%  70.7%  46.26% 85.08%  74.87% 51.47% 87.93% 79.48% 58.33%

Table 2: Issuer Profiling Results for Industry Classification and Ablation Study for Top-N Predictions

Finally, Figure[7]includes the error type distribution in the error analysis.

Industry subgroup mismatch Bonds/CUSIP missing

Profile mismatch

Industry sector mismatch

Robust profile but not relevant

Figure 7: Error Type Distribution.

B.3 Related Work

The challenge of pricing illiquid bonds has been a focal point in financial research, with various
studies exploring different methodologies. Direct pricing methods have been examined in works such
as|Gu et al.|[2020]], [Koziol and Sauerbier| [2003]], which highlight the complexities and limitations
inherent in valuing bonds that lack frequent trading data.

Several studies have underscored the critical role of liquidity in bond pricing. For instance, (Meni
/Abudy et al| [2018]], [Congstaff et al.| [2004]], [Chen et al.| [2007]], Marcato| [2018]], [Goldstein and
Hotchkiss| , and Baviera et al.|[2021]] have shown that failing to account for liquidity can lead
to significant pricing errors. These models, while insightful, often rely solely on quantitative data,
potentially overlooking qualitative factors that experts consider crucial in financial decision-making.

The application of ML methods to bond pricing has also garnered significant attention. Studies such
as|/Guéant and Manziuk| [[2019],[Mansouri and Eterovic| [2023]], |Geng| [2024] have explored various
ML techniques to enhance the accuracy of bond pricing models. These approaches have demonstrated
promise in improving pricing precision but often bypass the nuanced process of identifying and
analyzing comparable liquid bonds. This oversight can result in models that fail to capture the
specificities associated with different issuers, leading to less accurate pricing.
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Moreover, while there has been some work on using NLP methods in finance for information retrieval
[Chang et al., {2016 [T'sai and Wang} 2012} Mavi et al.| 2023]], these studies do not address the specific
challenge of finding suitable proxies for illiquid bonds. The closest related work to one of our
components, Issuer Profiling, is by [Cao et al.|[2023]], who employed generative models to classify
industry sectors. However, their focus was not on bond pricing or proxy identification.

Our approach aims to fill this gap by leveraging generative Al and NLP techniques to gather relevant
market data, analyze issuer-specific and CUSIP-level features, and combine these insights to retrieve
relevant CUSIP-level proxies for pricing illiquid bonds.

11



NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

* You should answer [Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.

* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The claims in the abstract and introduction are reflected in the rest of the paper,
where we evaluated our approach in both a quantitative and qualitative way.

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]
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Justification: We include a Limitations sections after the bibliography: §A]
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: The paper does not include theoretical results.
Guidelines:

* 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 ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer:

Justification: We partially disclose all the information to reproduce the main experimental
result. We include models and parameters, but due to proprietary reasons, we cannot disclose
information related to the industry taxonomoy, CUSIP variables and weights, or annotated
data for evaluation.
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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:

Justification: Due to proprietary reasons, we cannot disclose information related to the in-
dustry taxonomoy, CUSIP variables and weights, or annotated data for evaluation. However,
we provide details that can be followed by other researchers or practitioners.

Guidelines:

The answer NA means that paper does not include experiments requiring code.
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.
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* 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, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer:

Justification: Due to proprietary reasons, we cannot disclose information related to annotated
data splits for evaluation. However, we have included information about parameter tuning.

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:

Justification: While we performed a benchmark across different sentence embedding models
for parameter tuning, we consider their results as comparable.

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).

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.

8. 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:

Justification: Due to propietary reasons, we cannot disclose information on the hardware
use for the experimentation. However, we note that we do not use GPUs for our pipeline.
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9.

10.

11.

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: We have reviewed and followed the NeurIPS Code of Ethics.
Guidelines:

* 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: In the Introduction, we noted the motivation and impact of about work on
illiquid bond pricing, and its relevance for financial applications.

Guidelines:

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

o 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.

* 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)?
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Answer: [NA]
Justification: The paper poses no such risks as we are not releasing new models.
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.

12. 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: We cited the creators or original owners of assets in our paper: embedding
models and LLMs.

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.
13. New assets

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

Answer: [NA]
Justification: The paper does not release new assets.
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.

* 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.

14. Crowdsourcing and research with human subjects
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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: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.
The experts that have contributed in our work are co-authors of the paper.

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: The paper does not involve crowdsourcing nor research with human subjects.
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 LLLM 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: We incorporated LLMs as part of our proposed pipeline. This is described in
the Methodology section.

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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