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Abstract

Prompt quality remains a primary bottleneck for deploying Large Language Models
(LLMs) in high-stakes domains such as finance. Prior automated prompt optimiza-
tion work has relied on ad-hoc heuristics or on LLM evaluators that lack explicit,
stepwise reasoning, limiting the quality of discovered prompts. We introduce a Ge-
netic Algorithm (GA) framework that uses thinking models (OpenAI’s GPT-omni
and GPT-5 variants) both to generate candidate prompts (initialization, crossover,
mutation) and to evaluate their outputs, so evolution is guided by models that per-
form structured, multi-step inference. We evaluate this approach on a challenging
Financial Math Reasoning benchmark, comparing GPT-5, GPT-5-mini, GPT5-nano,
and GPT-o4-mini against non-thinking baselines, GPT-4.1, GPT-4.1-mini, GPT-
4.1-nano, and GPT-4o. Fitness computation was standardized using GPT-5-nano as
output evaluator, creating a consistent test bed for comparisons. Our results show
that reasoning-enabled optimization consistently produces stronger prompts than
non-thinking optimization and manually engineered prompts. More specifically,
we show in this study that GA-evolved prompts exceeded manual prompts in 7
out of 8 model versions and yielded an average around 11% higher fitness over
non-thinking baseline. These findings demonstrate that combining evolutionary
search with reasoning-capable LLMs substantially improves automated prompt
engineering for financial reasoning tasks.

1 Introduction

LLMs have rapidly become foundational in natural language processing, powering applications across
domains such as healthcare, law, and finance [1, 17]. Despite their capabilities, performance remains
strongly dependent on high-quality input prompts. Manual prompt engineering is labor-intensive,
vendor-specific, and often infeasible for teams without domain expertise [10].

To address this challenge, recent studies have explored automated prompt optimization. Gradient-
guided methods such as AutoPrompt [15], reinforcement learning approaches like RLPrompt [4],
and evolutionary strategies such as EvoPrompting [2] have all shown measurable success. Previously
reported work has demonstrated that GAs can autonomously evolve prompts by replacing traditional
operators with LLM-driven meta-prompts [11]. Later extensions introduced self-evaluating pipelines
where LLMs also judge outputs for fitness, reducing reliance on human labels [12].

However, a critical limitation in prior GA frameworks lies in the type of models used as evaluators
and evolutionary operators. Non-thinking models such as GPT-4.1 can generate prompts and evaluate
answers but often lack the reasoning depth to judge correctness on nuanced tasks like financial
mathematics. This introduces noise into optimization and constrains achievable fitness.

In this work, we introduce thinking models, reasoning-capable LLMs such as GPT-5, as both the en-
gine and the judge of GA-based prompt optimization. Thinking models generate more structured and
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semantically consistent offspring during initialization, crossover and mutation, while simultaneously
serving as higher-quality evaluators of candidate prompt outputs. Our experiments on a Financial
Math Reasoning dataset show that this dual use of reasoning-capable LLMs improves average fitness
by 11% compared to non-thinking GPT-4.x baselines, establishing a new benchmark for automated
prompt engineering in finance.

2 Related Literature
Prompt optimization: Manual prompt design remains a limiting factor for scaling LLMs across
industries [10]. Automated methods span gradient-based optimization [15], reinforcement learning
[4, 19], and meta-prompting frameworks [8, 18]. While effective, these approaches often require
human supervision or handcrafted reward functions.

Evolutionary computation: GAs are well-suited for non-linear, large search spaces [7, 5]. Inte-
gration with LLMs is increasingly studied: Meyerson et al. [13] demonstrated crossover guided by
language models, while Chen et al. [2] applied evolutionary search to neural architectures. Guo et al.
[6] and Hsieh et al. [9] confirmed the effectiveness of GA-driven prompt optimization. Prior works
established GA frameworks with either string-matching fitness [11] or non-thinking LLM judges
[12].

Algorithm I: LLM-based GA for Prompt Optimization
0: input→ population size, generations, mutation prob.,

LLM name, data
1: Initialize population with system, init. meta-prompts, and

data
2: Evaluate fitness using fitness and system fitness prompts
3: While generations not reached:
4: Selection via trio tournament
5: Pair crossover using crossover meta-prompt
6: Conditional mutation using mutation meta-prompt
7: Re-evaluate fitness
8: Increment generation count
9: End While loop

10: output← prompt with highest fitness

(a)

Role Prompt
system You are an AI that helps people solve problems.

Avoid comments outside the proposed prompt
as the user will use your answer to integrate with
another downstream system.

initial. Create a [LLM_MODEL] prompt that solves the
problem exemplified by the following examples:
[SAMPLE_QUESTION_1][SAMPLE_ANSWER_1]
[SAMPLE_QUESTION_1][SAMPLE_ANSWER_2]
...

crossover Given the following drafts for two prompts that
aim to solve the same particular problem, create
a better prompt using only ideas from them.
[PROMPT_A]
[PROMPT_B]

mutation Given the following draft for a prompt that aims to
solve a particular problem, create a better prompt
using ideas from it.
[PROMPT_A]

system You are an AI that validates automated answers
fitness against ground truth. You only answer ’yes’ or ’no’

with no extra comments, notes, or explanations as
the user will use your answer to integrate with
another downstream system.

fitness My ground truth is [TRUTH]. Does the automated
output [ANSWER] linguistically, symbolically,
conceptually, or fundamentally match my
ground truth?

(b)

Table 1: The GA and meta-prompt designed used in [12]. (a) Algorithmic steps. (b) Meta-prompts
guiding initialization, crossover, mutation, and fitness evaluation.

Thinking models: Recent reasoning-capable LLMs (e.g., GPT-5) provide explicit stepwise infer-
ence and structured decision-making [14]. Prior research has shown that chain-of-thought prompting
can improve reasoning in non-thinking models [16], but our work is the first to systematically compare
thinking vs. non-thinking models within GA-driven prompt optimization, using them simultaneously
as evolutionary operators and fitness evaluators.

3 Proposed Method
We extend prior GA-based prompt optimization [11, 12] by using reasoning-enabled (“thinking”)
models to drive both candidate generation and fitness evaluation, so evolution can create and reward
prompts that elicit multi-step reasoning.

GA with Thinking Models: GA implementation is outlined in Table. 1a where each individual is
a candidate prompt. In short: (i) initialization uses thinking models with in-context examples; (ii)
crossover/mutation operate via meta-prompts (Table. 1b) with reasoning models guiding semantic
coherence; (iii) selection uses reasoning-grounded fitness so the GA rewards task-relevant, multi-step
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(a) GPT-5 vs GPT-4.1
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(b) GPT-5-mini vs GPT-4.1-mini
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(c) GPT-5-nano vs GPT-4.1-nano

0 2 4 6 8 10 12 14 16 18 20

generations

0.5

0.6

0.7

0.8

0.9

1.0

fit
ne

ss

GA - GPT-4o
GA - GPT-o4-mini
Manual - GPT-o4-mini
Manual - GPT-4o

(d) GPT-o4-mini vs GPT-4o

Figure 1: Comparison of GA best fitness across generations. All models were optimized and judged
with GPT-5-nano as the fitness function.

behaviors. This dual role makes generation and evaluation mutually informed while keeping the
description compact.

Fitness Function: Fitness is measured as the average accuracy over a 500-sample evaluation
set. All outputs are judged by GPT-5-nano using concise binary (yes/no) meta-prompts, providing
a consistent baseline across models. While this standardization ensures fair comparison, it also
introduces the limitation that fitness scores may reflect biases or variability in the judge model itself.

Dataset: We use the Financial Math Reasoning dataset [3] (∼1,500+ pairs), the same benchmark
used in our prior works to preserve comparability. Notably, in our earlier studies this has been the
only dataset where LLM-based optimization underperformed manual prompting, largely because
tasks require preprocessing intermediate results before the final computation. In this work, we address
that gap by supplying the GA with reasoning-enabled models better suited for step-by-step problem
solving.

Models Compared: We evaluate OpenAI’s thinking models GPT-5, GPT-5-mini, GPT-5-nano,
and GPT-o4-mini, against some of their non-thinking models GPT-4.1, GPT-4.1-mini, GPT-4.1-nano,
and GPT-4o.

Experimental Setup: GA parameters mirror prior work with population size of 20, 20 evolving
generations, and trio-tournament selection. While we also track average population fitness across runs,
for simplicity we report only best-of-generation results in the tables and figures. Textual comments on
averages are added when relevant. Results are contrasted between pairs of thinking and non-thinking
models, as well as against manual prompting. While GA runs are initialized with problem-agnostic
meta-prompts, the manual prompts serve as a human-engineered benchmark, allowing us to test
whether autonomous evolution can match or surpass expert-designed prompts.

4 Results and Discussion
Among eight LLM variants evaluated on the Financial Math Reasoning dataset, GA evolution yielded
best-performing prompts that surpassed manual prompts in 7 cases, with an average best improvement
of +4.3%. Average population gains, however, were modest (+0.9%). This indicates that the GA
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Table 2: Financial Math results: manual prompts vs. GA-evolved prompts. Here, "Manual" represents
the results achieved by manually engineered prompts, "GA Best" represents the fitness by the best
prompt evolved by the evolutionary algorithm, and "Diff-Best" represents the difference between GA
Best and Manual. Fitness of all individuals was judged by GPT-5-nano.

Model Manual GA Best Diff-Best

GPT-4.1 0.764 0.782 0.018
GPT-4.1-mini 0.752 0.742 -0.010
GPT-4.1-nano 0.528 0.706 0.178
GPT-4o 0.750 0.751 0.001

GPT-5 0.856 0.901 0.045
GPT-5-mini 0.844 0.852 0.008
GPT-5-nano 0.778 0.810 0.032
GPT-o4-mini 0.794 0.868 0.074

Overall Average 0.7583 0.8015 0.0433
Non-thinking Average 0.6985 0.7453 0.0468
Thinking Average 0.8180 0.8578 0.0398

reliably finds high-quality individuals while population-level quality remains model-dependent.
When comparing thinking and non-thinking models, the former began at a substantially higher
manual baseline (average manual fitness ≈ 0.818 vs. 0.699 for non-thinking models), so absolute
improvements for thinking models are smaller even when evolution finds better prompts. We also
observe that the smaller variants derived the largest relative gains (e.g., GPT-4.1-nano: +0.178),
suggesting the GA is particularly useful when base-model prompting is weak.

While prior work demonstrated that GA-based prompting can surpass manual baselines in general
NLP settings [11, 12], performance on the Financial Math Reasoning benchmark remained inconsis-
tent. The present study closes this gap by showing consistent gains in 7 out of 8 model variants when
reasoning-capable LLMs are used as both operators and evaluators. The GA increases the fitness
of the best individuals more consistently than it does for the population average. This implies the
method is effective at exploring promising prompt heuristics but that additional mechanisms (e.g.,
diversity maintenance, elitism tuning, or adaptive mutation) are likely required to shift the entire
population distribution.

We employed GPT-5-nano as a judge in fitness evaluation to keep measurement consistent. However,
LLM judges can misjudge equality and introduce bias and variance in fitness estimates [12]. Also,
for Financial Math Reasoning, manual prompts that explicitly elicit Chain-of-Thought (CoT) can
outperform automated candidates in some strong models [11, 16]. Therefore, future automated
searches should consider including CoT-style meta-operators or explicitly expose CoT as a target
behavior.

Table 2 reports fitness on the Financial Math Reasoning dataset for non-thinking models (GPT-4.1
family, GPT-4o) and thinking models (GPT-5 family, GPT-o4-mini). For each model, we compare
manual prompting with the best GA-evolved individual. Diff-Best measures the gain (or loss) relative
to manual prompting.

5 Conclusion

This study showed that integrating reasoning-enabled LLMs (GPT-5s and omni) into GA-based
prompt optimization leads to more reliable evolution and evaluation of prompts for financial reasoning.
Unlike earlier work that used string-matching fitness [11] or non-thinking evaluators [12], this study
demonstrates that “thinking models” reduce noise in fitness and generate semantically coherent
offspring, yielding consistent gains: GA prompts outperform manual prompts in 7 out of 8 cases, and
results in fitness averages around 11% higher than GPT-4.1 and GPT-4o baselines.

These results highlight the practical role of evolutionary prompting: it can substantially boost weaker
models while still improving stronger ones. Future work will focus on diversity-preserving operators,
richer fitness objectives, and explicit chain-of-thought meta-prompts [16] to further automate and
generalize prompt optimization in finance and beyond.
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NeurIPS 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: The abstract/introduction claim a GA framework that uses thinking models
both for evolution and judging, evaluation on a Financial Math Reasoning benchmark with
standardized GPT-5-nano judgment, and empirical gains (e.g., GA best exceeds manual in
7/8 models, average ∼+4.3%). These claims are supported by the method description and
the reported table/figures in Results.
Guidelines:

• 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: The paper acknowledges judge bias/variance from LLM evaluators, limited
dataset scope (Financial Math Reasoning only), uneven population-average improvements,
and suggests mitigations (diversity/elitism tuning, CoT operators).
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.
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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 is empirical/methodological and presents no theorems or formal
proofs.

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: [No]

Justification: While GA parameters (population, generations, selection, runs), mod-
els, dataset, and judge are specified, key reproduction details are missing (exact meta-
prompts/operators, random seeds, API versions, full data split list beyond “500-sample split,”
and evaluation scripts).

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).
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(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: [No]
Justification: The paper does not state that code, prompts, or scripts are released, nor does it
provide links/instructions for accessing them.
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.

• 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 URLs 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: [Yes]
Justification: The paper provides enough setup detail to interpret results (dataset domain/size,
standardized GPT-5-nano judge, GA hyperparameters, number of runs, compared models),
even if not sufficient for full replication.
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: [No]
Justification: Although results are averaged over 20 runs, the paper does not report confi-
dence intervals, standard errors/standard deviations, or statistical tests.
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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).

• 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: [No]

Justification: The paper does not disclose hardware, API throughput/costs, execution time
per run, or total compute.

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).

9. 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: The work uses non-sensitive benchmark data, involves no human subjects or
personally identifiable information, and discusses limitations and potential biases of LLM
judges.

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).

10. Broader impacts
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Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
item[] Answer: [No]
Justification: The paper does not include a dedicated broader-impacts discussion (e.g., risks
in financial decision-support, fairness, error propagation, or misuse).
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.

• 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).

11. 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 new high-risk models or scraped datasets are released.
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: [No]
Justification: While related work is cited, licenses/terms for any datasets/models used are
not specified in the paper.
Guidelines:
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• 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
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: No human subjects or crowdsourcing are involved.
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.

15. 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: No human-subjects research is conducted.
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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.

16. 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: The core method uses LLMs (thinking models) both as GA operators (initial-
ization, crossover, mutation) and as fitness judges (GPT-5-nano), and this usage is explicitly
described throughout the paper.
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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