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ABSTRACT

The effectiveness of Large Language Models (LLMs) is highly dependent on the
design of input prompts. Manual prompt engineering requires a domain expertise
and prompting techniques knowledge that leads to a complex, time-consuming,
subjective, and often suboptimal process. We introduce CoolPrompt as a novel
framework for automatic prompt optimization. It provides a complete zero-
configuration workflow, which includes automatic task and metric selection, also
splits the input dataset or generates synthetic data when annotations are miss-
ing, and final feedback collection of prompt optimization results. Our framework
provides three new prompt optimization algorithms ReflectivePrompt and Dis-
tillPrompt that have demonstrated effectiveness compared to similar optimization
algorithms, and a flexible meta-prompting approach called HyPE for rapid opti-
mization. Competitive and experimental results demonstrate the effectiveness of
CoolPrompt over other solutions.

1 INTRODUCTION

Large Language Models (LLMs) such as GPT-4 (Achiam et al., 2023), Claude AI (Anthropic, 2024),
DeepSeek (Liu et al., 2024), Grok (xAI, 2025), and LLaMA (Touvron et al., 2023) have revolution-
ized artificial intelligence transitioning from task-specific solutions to general-purpose foundation
models (Vivekananda et al., 2025; Yang et al., 2023b) and driving their rapid adoption across re-
search and industry (Zhao et al., 2024). They have exhibited unprecedented effectiveness due to their
remarkable performance in natural language understanding (Karanikolas et al., 2023), text genera-
tion (Brown et al., 2020; Bao et al., 2023), code generation (Chen et al., 2021; Zhang et al., 2024a),
and reasoning (Lewkowycz et al., 2022). Meanwhile their operational efficacy is fundamentally
mediated by the quality of prompt design (Liu et al., 2023), where prompts serve as computational
directives from human to model (Kadavath et al., 2022).

Prompt engineering is the practice of designing input instructions to elicit desired model behavior
and has emerged as a critical and rapidly evolving discipline (Vatsal & Dubey, 2024; Schulhoff
et al., 2024). The process involves creating prompts, which can include questions, instructions, or
templates that use the embedded knowledge of the model to maximize performance on tasks. Unlike
traditional fine-tuning, prompt engineering does not require modifying the model’s weights; instead,
it leverages the model as a fixed generalist ’language computer’. Prompt engineering methods range
from simple input templates such as few-shot techniques (Wang et al., 2020) to advanced strategies
such as Chain-of-Thought prompting (Wei et al., 2022), Self-Discover (Zhou et al., 2024), Tree-of-
Thoughts (Yao et al., 2023a), ReAct (Yao et al., 2023b) and etc (Vatsal & Dubey, 2024). Moreover,
recent advances have enabled LLMs to self-generate and iteratively refine their own prompts through
in-context learning and reinforcement signals, automating aspects of the prompt design process (Li
et al., 2025c).

Manual prompt engineering remains fraught with challenges that limit its potential, performance,
scalability, and accessibility. First, designing high-performance prompts typically requires extensive
trial-and-error, deep domain expertise, and prompting techniques knowledge; therefore the process
is often time-consuming and nonsystematic. Second, although current LLMs are trained in human-
generated text data, the effectiveness of prompt generation is also influenced by factors such as input
and output format (Min et al., 2022), placement of few-shot examples (Lu et al., 2022), the use of
key trigger words and tokens (Xie et al., 2022; Shin et al., 2020), and the elimination of redundant
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tokens and words (Wang et al., 2025). Consequently, these factors reduce the relative importance
of semantic clarity in human-oriented content and narratives, thus slowing down the process of
manual prompt design. Moreover, prompt effectiveness often exhibits poor transferability across
tasks, datasets, and even different LLM architectures (Zhang et al., 2024b; Su et al., 2022; Zhou
et al., 2022), undermining reproducibility and scalability and requiring additional time and resources
to refine prompts.

One of the most profound advances enabled by LLMs is the development of automatic prompt opti-
mization (autoprompting) that includes different algorithms and optimization strategies to automate
the design, selection, and refinement of prompts supplied to language models (Li et al., 2025a).
Autoprompting leverages methods such as llm-based and planning approaches (Zhou et al., 2022;
Yang et al., 2024), reinforcement learning (Wang et al., 2023a; Deng et al., 2022; Zhang et al.,
2023), evolutionary algorithms (Wang et al., 2025; Singh et al., 2022; Guo et al., 2023), and meta-
optimization (Yang et al., 2023a; Singh et al., 2022; Pryzant et al., 2023) to optimize prompts.
Studies show that automatic prompt optimization can achieve higher efficiency, consistency and
scalability even with manual prompting by experts (Zhou et al., 2022). It reduces human workload
while improving the robustness between tasks and generalization of prompt strategies.

Despite these advances, current autoprompting methods still have several drawbacks. First, rapid
efficacy system evaluation requires comprehensive evaluation methodologies incorporating special-
ized testing frameworks, domain-adapted performance metrics, and statistically significant exper-
imental designs, collectively imposing substantial computational and temporal resource require-
ments (Chang et al., 2024). Second, the stage of prompt engineering remains costly, as there is no
intuition or universal methods and strategies in selecting prompting and autoprompting methods,
and the complexity of problem evaluation for specific data creates a barrier to prompt engineer-
ing (Li et al., 2025a; Vatsal & Dubey, 2024). Third, many current autoprompting implementations
are tailored to proprietary LLMs, making it difficult to use custom or open-source models for spe-
cific tasks, which reduces the democratization of LLM selection and usage (Zhou et al., 2022; Guo
et al., 2023). Finally, conventional prompt engineering approaches exhibit limited generalizability
in various task domains and applications (Chang et al., 2024).

To address these fundamental limitations, we introduce CoolPrompt, a comprehensive automatic
prompt optimization framework that serves as an alternative to manual prompt design, providing a
complete workflow from task definition to prompt evaluation. This framework offers a quick start
to prompt optimization with zero expertise and minimal prompt engineering requirements. Cool-
Prompt includes automatic task and metric selection for task assessment, splitting the input dataset
or generating synthetic data when annotations are missing, and final feedback collection of prompt
optimization results. Our framework includes two new innovative autoprompting algorithms: Re-
flectivePrompt and DistillPrompt that have demonstrated effectiveness compared to similar solutions
and a flexible meta-prompting approach called HyPE for rapid optimization.

CoolPrompt allows machine learning and prompt engineers, researchers, and practitioners to take
advantage of state-of-the-art prompt-based optimization without requiring deep knowledge of the
inner workings of LLMs or optimization algorithms (Baclic et al., 2020). Beyond its technical
contributions, this work addresses the main challenges of ensuring accessibility when deploying
LLMs, removing expert barriers, and offering intuitive interfaces. This standardization is a key
to democratizing and accelerating the adoption of LLMs in industries and research areas where
operational engineering knowledge is limited but the potential for application is high.

The present work contributions are the following:

1. We present a zero-configuration framework that advances a wide range of LLMs and au-
tomates the full prompt optimization pipeline as an alternative manual prompting design,
from task definition to automatic prompt evaluation.

2. We propose a synthetic data generation approach that eliminates data bottlenecks in prompt
optimization.

3. We propose several optimization strategies for short-term optimizations: meta-prompting
approach HyPE, and for long-term optimizations: autoprompting algorithms Reflective-
Prompt and DistillPrompt.
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The experimental studies show that CoolPrompt achieves competitive performance on different tasks
such as mathematical reasoning, question answering, classification, summarization, and natural
language understanding. Its cost-aware optimization further allows users to tailor performance-
efficiency trade-offs, validating both its practical utility and generalizability.

2 RELATED WORK

2.1 PROMPTING TECHNIQUES

Recent developments in prompt engineering have shown significant advances in prompt design tech-
niques (Liu et al., 2023). For example, Few-shot prompting (Wang et al., 2020) provides instructive
examples to guide the model. Chain-of-Thought prompting (Wei et al., 2022) proved an effective-
ness by generating the model’s reasoning process before generating a final answer. Motivated on
this, more advanced reasoning prompt designs have emerged. Self-Discover (Zhou et al., 2024) se-
lects pre-existing reasoning chains, adapts them to the specific task, and applies them directly. Self-
Consistency (Zhou et al., 2024) samples multiple reasoning paths and implements them to produce
the most consistent answer. Tree-of-Thoughts (Yao et al., 2023a) and Graph-of-Thoughts (Besta
et al., 2024) generate various decomposed reasoning variations, which are then evaluated and se-
lected, thus increasing the depth of the exploration. ReAct (Yao et al., 2023b) goes further by
generating reasoning that translates into actions, while reflecting on previous steps, it is commonly
integrated within Retrieval-Augmented Generation (RAG) (Yao et al., 2023b) pipelines and agent-
based systems.

Recent research has also revealed self-critique methods to minimize risks of hallucinations such as
Chain-of-Verification (Dhuliawala et al., 2023) and Self-Refine (Madaan et al., 2023), as well as
agentic prompting frameworks that empower LLMs to operate autonomously with tool-use capabil-
ities. In addition, multimodal prompting techniques have extended prompt engineering beyond text
to include image (Hakimov & Schlangen, 2023; Oppenlaender, 2024), audio (Wang et al., 2024),
video (Brooks et al., 2024), and segmentation prompting (Tang et al., 2025).

2.2 AUTOMATIC PROMPTING ALGORITHMS

Currently, a variety of auto-prompting algorithms have been developed, based on different optimiza-
tion methods. Specifically, EvoPrompt (Guo et al., 2023) and PromptBreeder (Fernando et al., 2024)
employ an evolutionary approach, where a large language model (LLM) serves as a selection, muta-
tion, or recombination operator. PromptAgent (Wang et al., 2023b) and StablePrompt (Kwon et al.,
2024) utilize Reinforcement Learning (RL), optimizing prompts using a reward model. Solutions
such as iPrompt (Singh et al., 2022) and OPRO (Hong et al., 2024) are built on LLMs or foundation
models (FMs), leveraging meta-prompts to modify the optimization pipeline. The primary motiva-
tion for exploring autoprompting comes from research on the Automatic Prompt Engineer (Zhou
et al., 2022), where it was demonstrated that modern LLMs can handle prompt generation and opti-
mization tasks comparable to or even better than human experts.

2.3 PROMPT OPTIMIZATION LIBRARIES

Current prompt optimization solutions offer a variety of functionalities and optimization modules.
AdalFlow (Yin & Wang, 2025) provides an auto-differentiable framework that supports both zero-
shot and few-shot prompt optimization, along with rapid construction of LLM, RAG, and Agent
pipelines. PromptWizard (Agarwal et al., 2024) enables automatic prompt optimization through
prompt refinement and synthetic data generation. PromptoMatrix (Murthy et al., 2025) showcases an
end-to-end prompt optimization pipeline that employs multiple strategies and evaluates performance
on synthetic data.
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3 PROPOSED FRAMEWORK

3.1 ARCHITECTURE OVERVIEW

CoolPrompt is a comprehensive framework, featuring a complete pipeline for automated prompt
optimization. The system is designed for both direct usage and seamless integration with other
platforms and systems. The complete framework architecture and user workflow are presented in
Fig. 1. See Appendix A.5 for key features details.

The architecture comprises several core functional modules:

1. PromptTuner is a primary interface class for parameter configuration and optimization
pipeline execution.

2. Evaluator is a module for assessing prompt performance in datasets, incorporating multi-
ple metrics for both classification and generation tasks.

3. PromptOptimizer is a versatile optimization module that supports short-term adapta-
tions through prompt engineering techniques with meta-prompts and long-term automatic
prompt optimization algorithms.

4. PromptAssistant is a LLM-based component with predefined meta-prompts to interpret
prompt optimization results for users.

5. Synthetic Data Generator is an auxiliary module for synthetic data generation when no
input dataset is provided.

6. Task Detector is an automated task classification component for scenarios without explicit
user-defined task specifications.

Figure 1: CoolPrompt system architecture and user workflow

3.2 OPTIMIZATION WORKFLOW

Fig. 1 illustrates the sequential workflow steps of CoolPrompt. During step 1, the user provides a
start prompt for optimization initialization. Additionally, users may explicitly specify the following
parameters: a task type (classification or generation), an evaluation metric, an optimization method,
LLMs supported via LangChain integration for the target and assistant LLM, a problem description
for ReflectivePrompt, a labeled dataset with target responses, and a train-test split ratio.
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In Step 2, the system employs automated fallback mechanisms to handle unspecified parameters.
This includes using a Task Detector for automatic task classification, predefined metrics for evalua-
tion, default LLM interfaces, and auto-generated problem descriptions. HyPE serves as the default
method in PromptOptimizer, and predefined split ratios are applied for dataset partitioning.

Steps 3-4 perform dataset validation, using synthetic dataset generation with corresponding labels
via the Synthetic Data Generator when it is required, followed by train-test sampling. Step 5 eval-
uates the initial prompt on the training subset. Step 6 executes prompt optimization through the
selected PromptOptimizer method. Step 7 assesses the final optimized prompt on test set.

The comparative evaluation between the initial and optimized prompts occurs during Steps 8-9.
Step 10 employs the PromptAssistant component to generate self-improvement feedback by an-
alyzing initial and final prompt performance. The workflow finishes at Step 11 with a delivery of
pipeline results: comprehensive train-test evaluations with metrics and actionable prompt refinement
feedback.

3.3 PROMPT OPTIMIZATION METHODS

3.3.1 HYPE

HyPE (Hypothetical Prompt Enhancer) is a rapid meta-prompting approach for adaptive prompt en-
hancement that asks a large language model to generate a hypothetical instructive prompt which
solves the same underlying task as the user’s query. The design intentionally avoids multi-round
prompt search or ensembles of hand-crafted transformation rules: instead, HyPE exploits the
model’s internal knowledge of effective prompting patterns to produce an immediately usable re-
formulation in one extra forward pass, giving lightweight, task-adaptive prompt optimization with
minimal engineering.

The idea of HyPE is motivated by the HyDE method (Gao et al., 2023), which synthesizes a hy-
pothetical document to improve the retrieval process. HyPE applies the same idea to prompt for-
mulation rather than retrieval. The meta-prompt template and our procedure for selecting it are
described in Appendix A.2.3; that analysis shows that templates asking for a concise, self-contained
instruction with an explicit I/O specification yield the most consistent gains.

Building on this concept, HyPE stands out from previous prompt optimization techniques. Methods
like chain-of-thought prompting require task-specific exemplars, while automated strategies often
depend on multi-step LLM calls or rule-based transformations, incurring substantial computational
or engineering overhead. In contrast, HyPE’s single-step generation leverages the model’s inherent,
pretrained understanding of instructional language. This intrinsic efficiency yields prompts that are
both more generalizable and precise than the original query, effectively distilling the task’s core
requirements into an optimal instruction for the model itself, without the need for external search or
exemplars.

3.3.2 REFLECTIVEPROMPT

ReflectivePrompt is an evolutionary-based prompt optimization method, which is built on the idea
of Reflective Evolution (Ye et al., 2024). Using the concepts of textual gradient (Li et al., 2025b) and
self-reflection (Zhao et al., 2025), it provides remarkable results in different areas of autoprompting
tasks. All the data required to run the method: a dataset, a description of the target problem, and
an initial user prompt. The remaining individuals of the first population are created by producing
diverse paraphrases of the user prompt.

A key feature of ReflectivePrompt is delegating a decision on the specifics of mutation to the model
itself. The workflow of each epoch of the ReflectivePrompt algorithm is shown in Fig. 2.
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Figure 2: The reflective evolution pipeline in ReflectivePrompt. First, given the initial population,
the parent population is sampled. Second, current short-term reflections are produced and crossover
operation takes its place. Third, using current short-term reflections, long-term reflection updates
and elitist-based mutation generates new individuals. After all, new prompts are evaluated and
selected for new epoch.

ReflectivePrompt implements two evolutionary operators: crossover and elitist mutation. They both
leverage short-term and long-term reflections to improve their effectiveness. Crossover creates a
new prompt from two parent individuals using generated short-term reflection. Initially, a set of
parent pairs is sampled according to these rules:

1. Each prompt is selected with probability proportional to its fitness score.
2. One prompt can be selected in multiple parent pairs.
3. Within each pair, one prompt must have a strictly higher score than the other.

The difference in fitness scores is required to determine the superior and inferior prompts in each
parent pair, since the short-term reflection is focused on identifying qualities and dissimilarities
that yield higher-scoring prompts. Short-term reflection consists of the model generating reflective
analyses and hints that are then used to achieve better crossover offspring. In summary, the set of
short-term reflections constitutes an analytics of the individuals in the current population.

The elitist mutation operator generates new individuals using the best prompt in the current popula-
tion and long-term reflection. This operator enables local search in the area of the present optimum.
Long-term reflection is updated in each epoch based on its prior version and all short-term reflec-
tions produced in that generation. It contains a distilled summary of the model reasoning about the
current population and accumulates knowledge across all epochs of the evolution by incorporating
its previous state.

The experiment results are provided in the Appendix A.3.1.

3.3.3 DISTILLPROMPT

DistillPrompt is a gradient-free automatic prompt optimization algorithm based on iterative prompt
distillation. The method employs prompt compression, semantic reformulation, and dynamic exam-
ple integration to enhance prompt effectiveness across diverse NLP tasks.

This method is based on the idea of the Tree-of-Thoughts prompting technique. At each epoch,
DistillPrompt uses the best prompt from the previous iteration according to the target metric. For
the first epoch, the initial user prompt is employed.

DistillPrompt workflow is illustrated in Fig. 3. The pipeline is the following. First, several variations
of the initial prompt are generated. These diverse modifications are used to analyze the search space
from different perspectives. The generated variations explore the search area in mostly blind and
inefficient way, and in order to cope with this, the second step incorporates knowledge embedding.
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The objective is to specialize the prompt for the task while preserving its original formulation as
much as possible. To achieve this, several examples are randomly sampled from the training dataset
and provided to the model to extract some key principles and ideas that are necessary for solving
these training examples. The created concepts are then embedded into the prompt.

Figure 3: DistillPrompt workflow. First step - generating paraphrased variants (Gen i). Then
prompts are embedded with training data knowledge (Distill i). Third step is compressing promtps
into several sentences (Compress i). Final two steps are aggregation (Aggregated) and creating final
diverse variants (Syn i).

However, there is a risk of the model ”overfitting” to the given examples and embedding the provided
questions and labels itself rather than generalizing for the whole task. To mitigate this, the next
step involves instruction compression. The LLM reformulates each prompt into a small number
of sentences, preserving the core content of both the original formulations and the embedded task-
solving principles.

Since the examples from training data were sampled independently and randomly for each candi-
date, the resulting insights may vary. Thus, the natural progression is to merge the compressed
candidates into a single distilled prompt accumulating the collective ideas. The final stage generates
the variations of aggregated prompt, similar to the very first step, and then the new best prompt is
selected from these newly created candidates.

The experimental results are shown in the Appendix A.4.1

4 EXPERIMENTAL EVALUATION

4.1 EXPERIMENTAL SETUP

Baselines We select the following popular automatic prompt optimization frameworks: Promp-
tomatix (Murthy et al., 2025), AdalFlow (Yin & Wang, 2025), and Promptify (Pal, 2022)), and
manual zero-shot prompts for each task, also as a starting point for prompt optimization.

LLM As other automatic prompt optimization frameworks have limitations of usage only propri-
etary LLMs, we select the gpt-3.5-turbo model (Brown et al., 2020) with specific generation param-
eters, mentioned in Appendix A.1.

Datasets We select five benchmark datasets: SQuAD 2 (Rajpurkar et al., 2018) for a question an-
swering, GSM8K (Cobbe et al., 2021) for a mathematical reasoning, CommonGen (Lin et al., 2020)
for a natural language understanding, XSum (Narayan et al., 2018) for a summarization, and AG
News (Zhang et al., 2015) for a text classification.

Evaluation Metrics We select metrics for each dataset according to their task specificity:
BERTScore (Zhang* et al., 2020) for SQuAD, CommonGen and XSum to evaluate semantic and
n-gram correctness between model responses and target answers; EM (Exact Match) for GSM8K
to match exact target mathematic result; F1 Macro for AG News to evaluate classification accuracy
according to class imbalance.

Experiment Details Please see Appendix A.1 for details.
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4.2 EVALUATION AND COMPETITIVE ANALYSIS RESULTS

Table 1 presents the average results across all runs between CoolPrompt optimization methods and
other automatic prompt optimization frameworks.

Table 1: Comparative analysis between autoprompting frameworks (central group) and CoolPrompt
optimization methods (right group). Bold values indicate results that outperform others.

Dataset Metric Manual
Zero-shot Prompt Promptify AdalFlow Promptomatix CoolPrompt

ReflectivePrompt
CoolPrompt

DistillPrompt
CoolPrompt

HyPE

SQuAD 2 BertScore 0.875 0.905 0.920 0.918 0.934 0.922 0.930
GSM8K EM 0.527 0.615 0.753 0.728 0.732 0.722 0.710
CommonGen BertScore 0.871 0.885 0.904 0.902 0.913 0.911 0.907
AG News F1 0.705 0.841 0.722 0.858 0.858 0.845 0.791
XSum BertScore 0.823 0.233 0.841 0.857 0.872 0.842 0.851

Table 2 presents a comprehensive feature comparison between CoolPrompt and other frameworks,
which includes six main key features for an automatic prompt optimization process: Auto Data,
Auto Task, Custom Model Usage, Zero Config, Auto Metric, Optimization Feedback.

Table 2: Feature comparison between automatic optimization libraries. Attention was paid to the
following key features: automated generated dataset (Auto Data), automatic task determination
(Auto Task), the ability to work with open-source and custom LLMs (Custom Model Usage), the
ability to use only start prompt for optimization (Zero-Config), automatic metric determination
(Auto Metric), interpretation of prompt optimization results (Optimization Feedback).

Framework Auto Data Auto Task Custom
Model Usage Zero Config Auto Metric Optimization

Feedback

Promptify - - - - - -
AdalFlow - - - - - -
Promptomatix + + - + + -
CoolPrompt + + + + + +

5 DISCUSSION AND LIMITATIONS

According results presented in Table 1, CoolPrompt demonstrated competitive performance effi-
ciency on the majority of benchmark tasks. On these datasets the results obtained using CoolPrompt
are comparable to those of other frameworks. For generative tasks, the prompts generated by Cool-
Prompt yielded superior results compared to other libraries.

The competitive analysis in Table 2 indicates that the most similar framework is Promptomatix,
which is distinguished by its more limited options for selecting custom models compared to Cool-
Prompt. It is also worth mentioning the implemented criterion for the automatic selection of evalua-
tion metrics. The current version of CoolPrompt supports the selection of various metrics, depending
on previously chosen or automatically detected task type, with F1 and BertScore selected by default
as the most representative metrics for providing a balanced assessment between model responses
and target outputs.

CoolPrompt still has several limitations. First of all, the current library implementation is limited to
the textual modality. Moreover, we measure LLM responses only with a standard set of evaluation
metrics: for classification tasks (accuracy, recall, precision, F1); for text generation tasks (BLEU,
ROUGE, METEOR (Banerjee & Lavie, 2005), BERTScore, ExactMatch). Besides from that, when
operating within highly specialized domains (e.g., medicine, jurisprudence, biology), the appropri-
ate language model is usually required to be used, while datasets considered in our research for
experiments cover common domain area.
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6 CONCLUSION

In this work, we have shown CoolPrompt a zero-configuration framework that automates the full
prompt optimization pipeline as an alternative manual prompting design, demonstrating competitive
effectiveness across diverse tasks. CoolPrompt represents a significant advancement in the field of
automatic prompt optimization.

The principles embedded within automation, efficiency, and accessibility it as a key tool for the
next generation of LLM-based applications. CoolPrompt plays a particularly important role in the
context of the continuous evolution of language models, fostering broader participation in AI devel-
opment and accelerating the adoption of these technologies across various subject domains and user
communities by removing barriers in prompt design.
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Promptbreeder: self-referential self-improvement via prompt evolution. In Proceedings of the
41st International Conference on Machine Learning, pp. 13481–13544, 2024.

Luyu Gao, Xueguang Ma, Jimmy Lin, and Jamie Callan. Precise zero-shot dense retrieval without
relevance labels. In Proceedings of the 61st Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pp. 1762–1777, 2023.

Bogdan Gliwa, Iwona Mochol, Maciej Biesek, and Aleksander Wawer. Samsum corpus: A human-
annotated dialogue dataset for abstractive summarization. arXiv preprint arXiv:1911.12237,
2019.

Qingyan Guo, Rui Wang, Junliang Guo, Bei Li, Kaitao Song, Xu Tan, Guoqing Liu, Jiang Bian, and
Yujiu Yang. EvoPrompt: Connecting LLMs with evolutionary algorithms yields powerful prompt
optimizers, 2023. URL https://arxiv.org/abs/2309.08532. Accepted (poster) at
ICLR 2024.

Sherzod Hakimov and David Schlangen. Images in language space: exploring the suitability of large
language models for vision & language tasks. In Findings of the Association for Computational
Linguistics: ACL 2023, pp. 14196–14210. ACL, 2023.

Jiwoo Hong, Noah Lee, and James Thorne. ORPO: monolithic preference optimization with-
out reference model. In Yaser Al-Onaizan, Mohit Bansal, and Yun-Nung Chen (eds.), Pro-
ceedings of the 2024 Conference on Empirical Methods in Natural Language Processing, pp.
11170–11189, Miami, Florida, USA, November 2024. Association for Computational Linguis-
tics. doi: 10.18653/v1/2024.emnlp-main.626. URL https://aclanthology.org/2024.
emnlp-main.626/.

Eduard Hovy, Laurie Gerber, Ulf Hermjakob, Chin-Yew Lin, and Deepak Ravichandran. To-
ward semantics-based answer pinpointing. In Proceedings of the First International Confer-
ence on Human Language Technology Research, 2001. URL https://www.aclweb.org/
anthology/H01-1069.

Di Jin, Eileen Pan, Nassim Oufattole, Wei-Hung Weng, Hanyi Fang, and Peter Szolovits. What dis-
ease does this patient have? a large-scale open domain question answering dataset from medical
exams. Applied Sciences, 11(14):6421, 2021.

Saurav Kadavath, Tom Conerly, Amanda Askell, Tom Henighan, Dawn Drain, Ethan Perez,
Nicholas Schiefer, Zac Hatfield-Dodds, Nova DasSarma, Eli Tran-Johnson, et al. Language mod-
els (mostly) know what they know, 2022. URL https://arXiv.org/abs/2207.05221.

Nikitas Karanikolas, Eirini Manga, Nikoletta Samaridi, Eleni Tousidou, and Michael Vassilakopou-
los. Large language models versus natural language understanding and generation. In Proceedings
of the 27th Pan-Hellenic Conference on Progress in Computing and Informatics, pp. 278–290.
PCI, 2023.

10

https://arXiv.org/abs/2110.14168
https://aclanthology.org/2022.emnlp-main.222/
https://aclanthology.org/2022.emnlp-main.222/
https://arXiv.org/abs/2309.11495
https://arxiv.org/abs/2309.08532
https://aclanthology.org/2024.emnlp-main.626/
https://aclanthology.org/2024.emnlp-main.626/
https://www.aclweb.org/anthology/H01-1069
https://www.aclweb.org/anthology/H01-1069
https://arXiv.org/abs/2207.05221


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Onur Kucuktunc, B Barla Cambazoglu, Ingmar Weber, and Hakan Ferhatosmanoglu. A large-scale
sentiment analysis for yahoo! answers. In Proceedings of the fifth ACM international conference
on Web search and data mining, pp. 633–642, 2012.

Minchan Kwon, Gaeun Kim, Jongsuk Kim, Haeil Lee, and Junmo Kim. StablePrompt: automatic
prompt tuning using reinforcement learning for large language models. In 2024 Conference on
Empirical Methods in Natural Language Processing, EMNLP 2024, pp. 9868–9884. Association
for Computational Linguistics (ACL), 2024.

Aitor Lewkowycz, Anders Andreassen, David Dohan, Ethan Dyer, Henryk Michalewski, Vinay Ra-
masesh, Ambrose Slone, Cem Anil, Imanol Schlag, Theo Gutman-Solo, and et al. Solving quan-
titative reasoning problems with language models. Advances in neural information processing
systems, 35:3843–3857, 2022.

Wenwu Li, Xiangfeng Wang, Wenhao Li, and Bo Jin. A survey of automatic prompt engineering:
an optimization perspective, 2025a. URL https://arXiv.org/abs/2502.11560.

Xin Li and Dan Roth. Learning question classifiers. In COLING 2002: The 19th Interna-
tional Conference on Computational Linguistics, 2002. URL https://www.aclweb.org/
anthology/C02-1150.

Yafu Li, Xuyang Hu, Xiaoye Qu, Linjie Li, and Yu Cheng. Test-time preference optimiza-
tion: on-the-fly alignment via iterative textual feedback. In Forty-second International Confer-
ence on Machine Learning. ICML, 2025b. URL https://openreview.net/forum?id=
ArifAHrEVD.

Zhuo Li, Yuhao Du, Jinpeng Hu, Xiang Wan, and Anningzhe Gao. Self-instructed derived prompt
generation meets in-context learning: unlocking new potential of black-box LLMs. In Wanx-
iang Che, Joyce Nabende, Ekaterina Shutova, and Mohammad Taher Pilehvar (eds.), Pro-
ceedings of the 63rd Annual Meeting of the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pp. 1840–1857, Vienna, Austria, July 2025c. Association for Com-
putational Linguistics. ISBN 979-8-89176-251-0. doi: 10.18653/v1/2025.acl-long.92. URL
https://aclanthology.org/2025.acl-long.92/.

Bill Yuchen Lin, Wangchunshu Zhou, Ming Shen, Pei Zhou, Chandra Bhagavatula, Yejin Choi,
and Xiang Ren. CommonGen: A constrained text generation challenge for generative com-
monsense reasoning. In Findings of the Association for Computational Linguistics: EMNLP
2020, pp. 1823–1840, Online, November 2020. Association for Computational Linguistics. doi:
10.18653/v1/2020.findings-emnlp.165. URL https://www.aclweb.org/anthology/
2020.findings-emnlp.165.

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang, Bochao Wu, Chengda Lu, Chenggang Zhao,
Chengqi Deng, Chenyu Zhang, Chong Ruan, et al. DeepSeek-V3 technical report, 2024. URL
https://arXiv.org/abs/2412.19437.

Pengfei Liu, Weizhe Yuan, Jinlan Fu, Zhengbao Jiang, Hiroaki Hayashi, and Graham Neubig. Pre-
train, prompt, and predict: a systematic survey of prompting methods in natural language pro-
cessing. ACM computing surveys, 55(9):1–35, 2023.

Yao Lu, Max Bartolo, Alastair Moore, Sebastian Riedel, and Pontus Stenetorp. Fantastically ordered
prompts and where to find them: overcoming few-shot prompt order sensitivity. In Proceedings
of the 60th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long
Papers), pp. 8086–8098. ACL, 2022.

Aman Madaan, Niket Tandon, Prakhar Gupta, Skyler Hallinan, Luyu Gao, Sarah Wiegreffe, Uri
Alon, Nouha Dziri, Shrimai Prabhumoye, Yiming Yang, and et al. Self-Refine: iterative refine-
ment with self-feedback. Advances in Neural Information Processing Systems, 36:46534–46594,
2023.

Sewon Min, Xinxi Lyu, Ari Holtzman, Mikel Artetxe, Mike Lewis, Hannaneh Hajishirzi, and Luke
Zettlemoyer. Rethinking the role of demonstrations: what makes in-context learning work?, 2022.
URL https://arXiv.org/abs/2202.12837.

11

https://arXiv.org/abs/2502.11560
https://www.aclweb.org/anthology/C02-1150
https://www.aclweb.org/anthology/C02-1150
https://openreview.net/forum?id=ArifAHrEVD
https://openreview.net/forum?id=ArifAHrEVD
https://aclanthology.org/2025.acl-long.92/
https://www.aclweb.org/anthology/2020.findings-emnlp.165
https://www.aclweb.org/anthology/2020.findings-emnlp.165
https://arXiv.org/abs/2412.19437
https://arXiv.org/abs/2202.12837


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Rithesh Murthy, Ming Zhu, Liangwei Yang, Jielin Qiu, Juntao Tan, Shelby Heinecke, Caim-
ing Xiong, Silvio Savarese, and Huan Wang. Promptomatix: an automatic prompt optimiza-
tion framework for large language models, 2025. URL https://arXiv.org/abs/2507.
14241.

Shashi Narayan, Shay B Cohen, and Mirella Lapata. Don’t give me the details, just the summary!
topic-aware convolutional neural networks for extreme summarization. In Proceedings of the
2018 Conference on Empirical Methods in Natural Language Processing, pp. 1797–1807, 2018.

Jonas Oppenlaender. A taxonomy of prompt modifiers for text-to-image generation. Behaviour &
Information Technology, 43(15):3763–3776, 2024.

Ankit Pal. Promptify: Structured output from llms. https://github.com/promptslab/
Promptify, 2022. Prompt-Engineering components for NLP tasks in Python.

Reid Pryzant, Dan Iter, Jerry Li, Yin Tat Lee, Chenguang Zhu, and Michael Zeng. Automatic prompt
optimization with ”gradient descent” and beam search. In The 2023 Conference on Empirical
Methods in Natural Language Processing. EMNLP, 2023.

Pranav Rajpurkar, Robin Jia, and Percy Liang. Know what you don’t know: Unanswerable ques-
tions for SQuAD. In Iryna Gurevych and Yusuke Miyao (eds.), Proceedings of the 56th An-
nual Meeting of the Association for Computational Linguistics (Volume 2: Short Papers), pp.
784–789, Melbourne, Australia, July 2018. Association for Computational Linguistics. doi:
10.18653/v1/P18-2124. URL https://aclanthology.org/P18-2124.

Sander Schulhoff, Michael Ilie, Nishant Balepur, Konstantine Kahadze, Amanda Liu, Chenglei Si,
Yinheng Li, Aayush Gupta, HyoJung Han, Sevien Schulhoff, et al. The prompt report: a system-
atic survey of prompting techniques, 2024. URL https://arXiv.org/abs/2406.06608.

Taylor Shin, Yasaman Razeghi, Robert L Logan IV, Eric Wallace, and Sameer Singh. AutoPrompt:
eliciting knowledge from language models with automatically generated prompts. In Proceedings
of the 2020 Conference on Empirical Methods in Natural Language Processing (EMNLP), pp.
4222–4235. EMNLP, 2020.

Chandan Singh, John X Morris, Jyoti Aneja, Alexander M Rush, and Jianfeng Gao. Explaining
patterns in data with language models via interpretable autoprompting, 2022. URL https:
//arXiv.org/abs/2210.01848.

Richard Socher, Alex Perelygin, Jean Wu, Jason Chuang, Christopher D. Manning, Andrew Ng,
and Christopher Potts. Recursive deep models for semantic compositionality over a sentiment
treebank. In Proceedings of the 2013 Conference on Empirical Methods in Natural Language
Processing, pp. 1631–1642, Seattle, Washington, USA, October 2013. Association for Computa-
tional Linguistics. URL https://www.aclweb.org/anthology/D13-1170.

Yusheng Su, Xiaozhi Wang, Yujia Qin, Chi-Min Chan, Yankai Lin, Huadong Wang, Kaiyue Wen,
Zhiyuan Liu, Peng Li, Juanzi Li, Lei Hou, Maosong Sun, and Jie Zhou. On transferability
of prompt tuning for natural language processing. In Proceedings of the 2022 Conference of
the North American Chapter of the Association for Computational Linguistics: Human Lan-
guage Technologies. Association for Computational Linguistics, 2022. doi: 10.18653/v1/2022.
naacl-main.290. URL http://dx.doi.org/10.18653/v1/2022.naacl-main.290.

Mirac Suzgun, Nathan Scales, Nathanael Schärli, Sebastian Gehrmann, Yi Tay, Hyung Won Chung,
Aakanksha Chowdhery, Quoc V. Le, Ed H. Chi, Denny Zhou, and Jason Wei. Challenging big-
bench tasks and whether chain-of-thought can solve them, 2022. URL https://arxiv.org/
abs/2210.09261.

Lv Tang, Peng-Tao Jiang, Haoke Xiao, and Bo Li. Towards training-free open-world segmentation
via image prompt foundation models. International Journal of Computer Vision, 133(1):1–15,
2025.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée
Lacroix, Baptiste Rozière, Naman Goyal, Eric Hambro, Faisal Azhar, and et al. LLaMA: Open
and Efficient Foundation Language Models, 2023. URL https://arXiv.org/abs/2302.
13971.

12

https://arXiv.org/abs/2507.14241
https://arXiv.org/abs/2507.14241
https://github.com/promptslab/Promptify
https://github.com/promptslab/Promptify
https://aclanthology.org/P18-2124
https://arXiv.org/abs/2406.06608
https://arXiv.org/abs/2210.01848
https://arXiv.org/abs/2210.01848
https://www.aclweb.org/anthology/D13-1170
http://dx.doi.org/10.18653/v1/2022.naacl-main.290
https://arxiv.org/abs/2210.09261
https://arxiv.org/abs/2210.09261
https://arXiv.org/abs/2302.13971
https://arXiv.org/abs/2302.13971


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Shubham Vatsal and Harsh Dubey. A survey of prompt engineering methods in large language
models for different NLP tasks, 2024. URL https://arXiv.org/abs/2407.12994.

Malgi Nikitha Vivekananda, Prashant Ashok Shidlyali, and Vinayaka Vivekananda Malgi. Advanc-
ing artificial intelligence: insights into the applications and challenges of large language models.
In 2025 International Conference on Advances in Modern Age Technologies for Health and En-
gineering Science (AMATHE), pp. 1–6. IEEE, IEEE, 2025.

Jianyu Wang, Zhiqiang Hu, and Lidong Bing. Evolving prompts in-context: an open-ended, self-
replicating perspective. In ICML 2025 Workshop on Reliable and Responsible Foundation Mod-
els. ICML, 2025.

Siyin Wang, Chao-Han Yang, Ji Wu, and Chao Zhang. Can whisper perform speech-based in-context
learning? In ICASSP 2024-2024 IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP), pp. 13421–13425. IEEE, IEEE, 2024.

Xinyuan Wang, Chenxi Li, Zhen Wang, Fan Bai, Haotian Luo, Jiayou Zhang, Nebojsa Jojic, Eric
Xing, and Zhiting Hu. PromptAgent: strategic planning with language models enables expert-
level prompt optimization. In The Twelfth International Conference on Learning Representations.
ICLR, 2023a.

Xinyuan Wang, Chenxi Li, Zhen Wang, Fan Bai, Haotian Luo, Jiayou Zhang, Nebojsa Jojic, Eric P
Xing, and Zhiting Hu. PromptAgent: strategic planning with language models enables expert-
level prompt optimization, 2023b. URL https://arXiv.org/abs/2310.16427.

Yaqing Wang, Quanming Yao, James T Kwok, and Lionel M Ni. Generalizing from a few examples:
a survey on few-shot learning. ACM computing surveys (csur), 53(3):1–34, 2020.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny
Zhou, and et al. Chain-of-thought prompting elicits reasoning in large language models. Advances
in neural information processing systems, 35:24824–24837, 2022.

Adina Williams, Nikita Nangia, and Samuel Bowman. A broad-coverage challenge corpus for
sentence understanding through inference. In Marilyn Walker, Heng Ji, and Amanda Stent
(eds.), Proceedings of the 2018 Conference of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies, Volume 1 (Long Papers), pp.
1112–1122, New Orleans, Louisiana, June 2018. Association for Computational Linguistics. doi:
10.18653/v1/N18-1101. URL https://aclanthology.org/N18-1101/.

xAI. Grok 3 beta — the age of reasoning agents. https://x.ai/blog/grok-3, 2025.

Sang Michael Xie, Aditi Raghunathan, Percy Liang, and Tengyu Ma. An explanation of in-context
learning as implicit bayesian inference. In International Conference on Learning Representations.
ICLR, 2022.

Chengrun Yang, Xuezhi Wang, Yifeng Lu, Hanxiao Liu, Quoc V Le, Denny Zhou, and Xinyun
Chen. Large language models as optimizers. In The Twelfth International Conference on Learning
Representations. ICLR, 2023a.

Sheng Yang, Yurong Wu, Yan Gao, Zineng Zhou, Bin Zhu, Xiaodi Sun, Jian-Guang Lou, Zhiming
Ding, Anbang Hu, Yuan Fang, et al. AMPO: automatic multi-branched prompt optimization. In
Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing, pp.
20267–20279. Association for Computational Linguistics, 2024.

Sherry Yang, Ofir Nachum, Yilun Du, Jason Wei, Pieter Abbeel, and Dale Schuurmans. Foundation
Models for Decision Making: Problems, Methods, and Opportunities, 2023b. URL https:
//arXiv.org/abs/2303.04129.

Shunyu Yao, Dian Yu, Jeffrey Zhao, Izhak Shafran, Tom Griffiths, Yuan Cao, and Karthik
Narasimhan. Tree of thoughts: deliberate problem solving with large language models. Advances
in neural information processing systems, 36:11809–11822, 2023a.

13

https://arXiv.org/abs/2407.12994
https://arXiv.org/abs/2310.16427
https://aclanthology.org/N18-1101/
https://x.ai/blog/grok-3
https://arXiv.org/abs/2303.04129
https://arXiv.org/abs/2303.04129


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak Shafran, Karthik Narasimhan, and Yuan Cao.
ReAct: synergizing reasoning and acting in language models. In International Conference on
Learning Representations (ICLR). ICLR, 2023b.

Haoran Ye, Jiarui Wang, Zhiguang Cao, Federico Berto, Chuanbo Hua, Haeyeon Kim, Jinkyoo Park,
and Guojie Song. ReEvo: large language models as hyper-heuristics with reflective evolution. In
Advances in neural information processing systems, volume 37, pp. 43571–43608, 2024.

Li Yin and Zhangyang Wang. LLM-AutoDiff: auto-differentiate any LLM workflow, 2025. URL
https://arXiv.org/abs/2501.16673.

Kechi Zhang, Jia Li, Ge Li, Xianjie Shi, and Zhi Jin. CodeAgent: enhancing code generation with
tool-integrated agent systems for real-world repo-level coding challenges. In Lun-Wei Ku, Andre
Martins, and Vivek Srikumar (eds.), Proceedings of the 62nd Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Papers), pp. 13643–13658, Bangkok, Thailand,
August 2024a. Association for Computational Linguistics. doi: 10.18653/v1/2024.acl-long.737.
URL https://aclanthology.org/2024.acl-long.737/.

Tianjun Zhang, Xuezhi Wang, Denny Zhou, Dale Schuurmans, and Joseph E Gonzalez. TEMPERA:
test-time prompt editing via reinforcement learning. In International Conference on Learning
Representations (ICLR). ICLR, 2023.

Tianyi Zhang*, Varsha Kishore*, Felix Wu*, Kilian Q. Weinberger, and Yoav Artzi. Bertscore:
Evaluating text generation with bert. In International Conference on Learning Representations,
2020. URL https://openreview.net/forum?id=SkeHuCVFDr.

Xiang Zhang, Junbo Zhao, and Yann LeCun. Character-level convolutional networks for text clas-
sification. In Advances in neural information processing systems, volume 28, 2015.

Yichi Zhang, Yinpeng Dong, Siyuan Zhang, Tianzan Min, Hang Su, and Jun Zhu. Exploring the
transferability of visual prompting for multimodal large language models. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 26562–26572. IEEE,
2024b.

Lili Zhao, Yang Wang, Qi Liu, Mengyun Wang, Wei Chen, Zhichao Sheng, and Shijin Wang.
Evaluating large language models through role-guide and self-reflection: a comparative study.
In The Thirteenth International Conference on Learning Representations. ICLR, 2025. URL
https://openreview.net/forum?id=E36NHwe7Zc.

Zihuai Zhao, Wenqi Fan, Jiatong Li, Yunqing Liu, Xiaowei Mei, Yiqi Wang, Zhen Wen, Fei Wang,
Xiangyu Zhao, Jiliang Tang, and et al. Recommender systems in the era of large language models
(LLMs). IEEE Transactions on Knowledge and Data Engineering, 36(11):6889–6907, 2024.

Pei Zhou, Jay Pujara, Xiang Ren, Xinyun Chen, Heng-Tze Cheng, Quoc V Le, Ed Chi, Denny Zhou,
Swaroop Mishra, and Huaixiu Steven Zheng. Self-discover: large language models self-compose
reasoning structures. Advances in Neural Information Processing Systems, 37:126032–126058,
2024.

Yongchao Zhou, Andrei Ioan Muresanu, Ziwen Han, Keiran Paster, Silviu Pitis, Harris Chan, and
Jimmy Ba. Large language models are human-level prompt engineers. In The eleventh interna-
tional conference on learning representations. ICLR, 2022.

14

https://arXiv.org/abs/2501.16673
https://aclanthology.org/2024.acl-long.737/
https://openreview.net/forum?id=SkeHuCVFDr
https://openreview.net/forum?id=E36NHwe7Zc


756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

A APPENDIX

A.1 EXPERIMENT DETAILS

For each task in the evaluation experiment, we provided a training and validation data split of 30
samples from the original dataset with a train split ratio of 0.2. We chose the usage of original
dataset because not every automatic optimization framework is capable for the generating syntetic
data. See Appendix A.2.1 for the ablation study on the quality of the generated dataset compared to
the original.

We evaluated each method in the comparison in 3 runs in order to obtain more objective results
due to probabilistic LLM output generation, where Table 1 presents the average results across all
runs. Prompt optimization methods DistillPrompt and ReflectivePrompt were run with a number
of epochs of 5 and for the second method the prompt population size of 10. LLM run with the
following generation parameters: temperature was 0.7 and maximum number of new tokens was
3500.

Temperature controls the randomness of the generated text, where low temperatures produce de-
terministic text and high temperatures foster greater creativity and diversity. We set temperature to
0.7 to ensure a variety of LLM responses and optimization runs.

Maximum number of new tokens constrains the limitation a size of generated tokens. In order to
avoid overly restricting the model, we set this limit to 3500 tokens.

A.2 ABLATION STUDIES

A.2.1 GENERATED SYNTHETIC DATA QUALITY

Synthetic data generation represents a key feature for automatic prompt optimization in the cases of
lack or absence of the dataset that corresponds to the given problem. This is the reason why it is
crucial to understand whether the generated data can equally and effectively replace the real one in
terms of autoprompting optimization.

For this experiment, we used open-source popular models: ministral-8b-instruct-2410 and qwen3-
4b-instruct-2507. The experiment was conducted on the same datasets as in the main part of the
paper. Firstly, for each task we provided a training and validation data split of 40 samples from the
original dataset with a split ratio of 0.5 and ran the optimization according to it. Secondly, we used
only the initial prompt to automatically generate the data. Finally, obtaining the best prompts for
each approach, we evaluated them on the entire original dataset, and the resulting metrics are shown
in Table 3.

Table 3: Comparison between the ReflectivePrompt metrics with real data and synthetic data usage.
Synthetically generated dataset has proven to be the good replacement when no real-word data can
be used. Bold values indicate results that outperform others.

Dataset Metric Model Real data Synthetic data

SQuAD 2 BertScore ministral 0.967 0.967
SQuAD 2 BertScore qwen3 0.997 0.905
GSM8K EM ministral 0.779 0.741
GSM8K EM qwen3 0.882 0.726
CommonGen BertScore ministral 0.918 0.918
CommonGen BertScore qwen3 0.918 0.912
AG News F1 ministral 0.256 0.264
AG News F1 qwen3 0.655 0.646
XSum BertScore ministral 0.860 0.773
XSum BertScore qwen3 0.852 0.855

The results of this experiment show that in half of the cases, synthetic data generation proved to be
even a better replacement for real-world data. The quality of the generated data strictly relies on the
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general abilities and knowledge of the model, so we can see that the larger gap between results can
sometimes occur on qwen3 model with fewer parameters compared to ministral.

A.2.2 GENERATING SYNTHETIC DATASET WITH MORE POWERFUL MODEL

This experiment was held to determine whether the synthetic data that was generated by a more
powerful model (in our case, we used gpt-3.5-turbo) can outperform the generation by the model
itself. The comparison was done between gpt-based and ministral-based generated data. All opti-
mization processes were performed using ministral-8b-instruct model (GPT model was only used to
generate data). The metrics in Table 4 show that generating data from a larger model can sometimes
lead to significant improvements, but in our particular example it achieves lower average score.

Table 4: ReflectivePrompt metrics in two use cases: when data is generated by ministral itself and
when data was generated by GPT-3.5-turbo and provided for ministral language model. Bold values
indicate results that outperform others.

Dataset Metric Ministral-generated data GPT-generated data

SQuAD 2 BertScore 0.967 0.756
GSM8K EM 0.741 0.813
CommonGen BertScore 0.918 0.918
AG News F1 0.264 0.209
XSum BertScore 0.773 0.853

A.2.3 SELECTING THE META-PROMPT FOR HYPE

HyPE relies on a single meta-prompt to guide its entire prompt optimization process, so the meta-
prompt’s quality is critical to the quality of generated prompts. Our initial approach was to design a
meta-prompt that directly reflects the method’s purposes (see Fig. 4).

Please write a hypothetical instructive prompt for the following query to make a large
language model answer the question.
Query: {QUERY}
Prompt:

Figure 4: Initial meta-prompt for HyPE

To evaluate this initial meta-prompt we measured HyPE’s behavior using task-specific prompt tem-
plates for classification and generation tasks (see Fig. 5 and 6). The templates, shown below, were
designed to structure the LLM’s final answer. In these templates, INPUT denotes the instance from
the dataset (e.g., a news article to be classified), and LABELS denotes the list of dataset’s classifica-
tion labels (for example, the AG News label set).
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{PROMPT}
Answer using the label from [{LABELS}].
Generate the final answer bracketed with <ans> and </ans>.
Examples:
1. Labels are [(A), (B), (C)] and you chose the first option

Output will be: <ans>(A)</ans>
2. Labels are [A, B, C] and you chose the first option

Output will be: <ans>A</ans>
Input: {INPUT}
Response:

Figure 5: Prompt template for classification task

{PROMPT}
Provide a direct answer without additional explanations or commentary.
Generate the final answer bracketed with <ans> and </ans>.
INPUT: {INPUT}
RESPONSE:

Figure 6: Prompt template for generation tasks

Running HyPE with the initial meta-prompt and inspecting the generated hypothetical instructive
prompts revealed several systematic failure modes that limited downstream performance and ro-
bustness:

1. The model sometimes directly answered the user’s query instead of producing a hypotheti-
cal instructive prompt that would instruct another model to solve the task.

2. Parts of the model’s internal reasoning occasionally leaked into the generated prompt, pro-
ducing noisy answers.

3. When the original query was underspecified or overly general, the generated hypothet-
ical prompt injected extraneous details, altering the task’s domain. For example, basic
prompt for GSM8k “Given a context answer on the question.” was aug-
mented as “In 200 words, provide a detailed explanation of the
concept of supply and demand in economics...”, though the task’s do-
main is math solving.

4. Special formatting, code fragments and placeholders present in the original query were not
reliably preserved.

5. The language of the hypothetical prompt did not always matched the language of the orig-
inal query.

To address these limitations we revised the meta-prompt to impose stricter, explicit constraints on
the form and content of the generated hypothetical prompt. The key design changes and refinements
were:

1. Emphasize that the hypothetical instructive prompt must solve the same underlying task as
the original query and it should not directly answer the query.

2. Require a strict output format (using explicit tags) to ensure clean parsing and prevent
reasoning leakage.

3. We incorporated using of an auxiliary problem description field during generation:
HyPE will use a short problem description to focus the hypothetical prompt. If the user does
not provide problem description, Synthetic Data Generator generates one before the
optimization.

4. Add hard constraints to preserve the original language, any special formatting, and code
blocks precisely.
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The resulting final meta-prompt integrates these refinements into a comprehensive instruction set
so that generated hypothetical prompts are consistently instructive, task-faithful, and machine-
parseable (shown in Fig. 7).

You are an expert prompt engineer. Your only task is to generate a hypothetical in-
structive prompt that would help a large language model effectively answer the fol-
lowing query. The prompt must solve the same underlying task as the original query
while being more effective.
### HARD CONSTRAINTS ###
1. LANGUAGE:

- Output MUST be in the EXACT SAME LANGUAGE as the query.
2. CONTENT:

- Output ONLY the hypothetical instructive prompt - do NOT answer the original
query directly.

- The hypothetical prompt must solve the same task as the oiginal query provided
by user.

- If the original query contains any code snippets, you must include it in final
prompt.
3. TECHNICAL PRESERVATION:

- Code blocks must be preserved with original syntax and formatting.
- Variables, placeholders ({{var}}), and technical terms kept unchanged.
- Markdown and special formatting replicated precisely.

### YOUR OUTPUT FORMAT ###
[PROMPT START]<your hypothetical instructive prompt here>[PROMPT END]
### INPUT ###
User’s query: {QUERY}
Problem description: {PROBLEM DESCRIPTION}
### OUTPUT ###
Hypothetical Instructive Prompt:

Figure 7: Final meta-prompt for HyPE

We evaluated the performance of the initial and final meta-prompts across several benchmarks using
gpt-3.5-turbo with temperature 0.7 and maximum 3500 new tokens. As shown in Table 5, the final
meta-prompt yields a substantial improvement across all datasets and metrics, confirming the that
explicit constraints on content, format and preservation materially improve HyPE’s optimization
quality.

Table 5: GPT-based HyPE optimization results comparison between meta-prompts. Bold values
indicate results that outperform others.

Dataset Metric Initial meta-prompt Final meta-prompt

SQuAD 2 BertScore 0.917 0.935
GSM8K EM 0.260 0.732
CommonGen BertScore 0.866 0.909
AG News F1 0.691 0.781
XSum BertScore 0.767 0.861

In addition to the structural refinements described above, we conducted a controlled study to assess
how different phrasings of the target instruction inside the meta-prompt affect HyPE’s optimization
performance. Specifically, we compared four variants that differ only in the term used to describe
the object that HyPE must generate:

1. Meta-prompt A: “instructive prompt”

2. Meta-prompt B: “prompt”
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3. Meta-prompt C: “hypothetical prompt”

4. Meta-prompt D: “hypothetical instructive prompt” (our final formulation)

Each variant was evaluated under identical conditions across all benchmarks, using gpt-3.5-turbo
with temperature 0.7. The results (Table 6) show that the precise wording of the target artifact
substantially influences optimization quality. Although performance fluctuates across individual
datasets, Meta-prompt D achieves the best overall average, suggesting that the combined specifica-
tion of hypothetical and instructive leads to more faithful and more stable prompt optimizations.

Table 6: GPT-based HyPE optimization results comparison between meta-prompts. Bold values
indicate results that outperform others.

Dataset Metric Meta-prompt A Meta-prompt B Meta-prompt C Meta-prompt D

SQuAD 2 BertScore 0.837 0.866 0.819 0.817
GSM8K EM 0.23 0.19 0.27 0.75
CommonGen BertScore 0.783 0.796 0.785 0.785
AG News F1 0.736 0.87 0.847 0.802
XSum BertScore 0.718 0.717 0.71 0.715
Mean result 0.661 0.688 0.686 0.774

A.2.4 PROMPTS TRANSFERABILTY

To explore whether optimized prompts remain effective when applied in different contexts, we ran
an additional set of transfer experiments. First, note that the XSum benchmark inherently spans a
wide range of domains and topical distributions, including news, politics, sports, technology, and
culture. Because of this built-in domain diversity, improvements obtained on XSum already serve
as a useful indicator of cross-domain transferability: the same optimized prompt must perform well
across heterogeneous content types rather than a single narrow domain.

Second, to evaluate cross-model transfer, we performed a controlled experiment on XSum using a
simple manually written base prompt (“Summarize the sentence.”). We optimized this prompt with
HyPE using Qwen3-4B-Instruct-2507 as the target model, and then evaluated both the base and the
optimized prompts on a set of 30 XSum examples across several different LLMs. The optimized
prompt is shown in Figure 8, and Table 7 summarizes the corresponding evaluation results.

You are a highly accurate and concise summarization assistant. Your task is to reduce
a given sentence to its most essential meaning while preserving the core information,
key entities, and intended message. Do not add, omit, or rephrase details beyond
what is necessary to convey the original meaning. Maintain grammatical correctness
and clarity. If the sentence is already concise, return it unchanged. Focus on brevity
without sacrificing accuracy.

Input sentence: {sentence}

Output: A short, clear summary of the input sentence that captures its main idea in
one or two grammatically correct sentences.

Figure 8: HyPE-optimized prompt for XSum

Although the prompt was optimized on a relatively small model, the improved version shows compa-
rable or improved performance on several larger and architecturally different LLMs. This indicates
that HyPE-optimized prompts can maintain their usefulness when transferred across models.

19



1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079

Under review as a conference paper at ICLR 2026

Table 7: Performance of HyPE-optimized prompt on XSum across different models. Bold values
indicate results that outperform others.

Model Initial BertScore Final BertScore

Qwen3-4B-Instruct-2507 0.6665 0.67
mistral-7b-instruct 0.487 0.508
gemini-2.5-flash-lite 0.596 0.706
llama-3-8b-instruct 0.66 0.68

A.3 REFLECTIVEPROMPT

A.3.1 EXPERIMENTS

ReflectivePrompt was compared with four other evolutionary-based methods of autoprompting:
EvoPrompt, SPELL, PromptBreeder and Plum. For this comparison we used the following datasets:
MNLI (Williams et al., 2018), MR (Chatterjee et al., 2021), SST-2 (Socher et al., 2013), YA-
HOO (Kucuktunc et al., 2012), BBH (Suzgun et al., 2022), SamSUM (Gliwa et al., 2019).

All the computations were held on t-lite-instruct-0.1 and gemma3-27b-it models, and the results are
shown in Tables 8-9.

Table 8: ReflectivePrompt and counterparts metrics on t-lite-instruct-0.1. BBH benchmark was di-
vided into classification tasks group (a subset of datasets with strictly formatted answers that can be
treated as classification task) and generation tasks group (dyck languages, multistep arithmetic two,
object counting, word sorting). The final BBH metrics (for both classification and generation
groups) are the arithmetic mean of the metrics obtained for each dataset of the group separately.
Bold values indicate results that outperform others.

Dataset Metric EvoPrompt SPELL PromptBreeder Plum ReflectivePrompt

MNLI F1-score 0.537 0.734 0.476 0.564 0.738
MR F1-score 0.642 0.633 0.932 0.617 0.958
SST-2 F1-score 0.959 0.959 0.939 0.627 0.953
YAHOO F1-score 0.438 0.420 0.473 0.291 0.507
BBH (cls) F1-score 0.374 0.323 0.340 0.258 0.399
SamSUM METEOR 0.450 0.442 0.427 0.447 0.450
BBH (gen) METEOR 0.218 0.214 0.179 0.239 0.319

Table 9: ReflectivePrompt and counterparts metrics on classification task on gemma3-27b-it. BBH
benchmark was divided into classification tasks group (a subset of datasets with strictly formatted
answers that can be treated as classification task) and generation tasks group (dyck languages, multi-
step arithmetic two, object counting, word sorting). The final BBH metrics (for both classification
and generation groups) are the arithmetic mean of the metrics obtained for each dataset of the group
separately. Bold values indicate results that outperform others.

Dataset Metric EvoPrompt SPELL PromptBreeder Plum ReflectivePrompt

MNLI F1-score 0.597 0.602 0.582 0.587 0.599
MR F1-score 0.642 0.958 0.956 0.637 0.958
SST-2 F1-score 0.641 0.951 0.636 0.962 0.956
YAHOO F1-score 0.635 0.627 0.590 0.615 0.636
BBH (cls) F1-score 0.604 0.552 0.528 0.522 0.610
SamSUM METEOR 0.423 0.425 0.406 0.423 0.426
BBH (gen) METEOR 0.453 0.502 0.316 0.329 0.491
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A.3.2 IMPLEMENTATION DETAILS

A.4 DISTILLPROMPT

A.4.1 EXPERIMENTS

The experimental results across metrics and datasets are presented in Table 10 for the t-lite-instruct-
0.1 model. The comparison was held between non-gradient autoprompting methods, such as Pro-
tegi and Grips. The datasets that were used for comparison are: SST-2 (Socher et al., 2013),
MNLI (Williams et al., 2018), TREC (Li & Roth, 2002; Hovy et al., 2001), MR (Chatterjee et al.,
2021), MedQA (Jin et al., 2021), BBH (Suzgun et al., 2022).

Table 10: DistillPrompt and counterparts metrics on classification task. Samples for few-shot
was randomly selected from the training dataset. BBH benchmark was divided into classification
tasks group (a subset of datasets with strictly formatted answers that can be treated as classifica-
tion task) and generation tasks group (dyck languages, multistep arithmetic two, object counting,
word sorting). Protegi was not evaluated on generation tasks as its methology is not adapted for this.
Bold values indicate results that outperform others.

Dataset Metric Baseline prompt Few-shot: n=3 Protegi Grips DistillPrompt

SST-2 F1-score 0.613 0.933 0.640 0.613 0.948
MNLI F1-score 0.418 0.374 0.496 0.741 0.761
TREC F1-score 0.287 0.268 0.355 0.315 0.353
MR F1-score 0.862 0.603 0.636 0.912 0.939
MedQA F1-score 0.296 0.240 0.293 0.303 0.296
BBH (cls) F1-score 0.205 0.313 0.372 0.288 0.404
SamSUM METEOR 0.448 0.385 - 0.455 0.458
BBH (gen) METEOR 0.125 0.210 - 0.149 0.296

A.5 KEY FEATURES OF PROPOSED FRAMEWORK

A.5.1 INTERACTION WITH LLMS

CoolPrompt supports comprehensive LLM integration, ranging from locally deployed open-source
models to proprietary API-based solutions. For standardized LLM interfacing, we implemented
LangChain due to its provider-agnostic architecture that abstracts model-specific implementations,
optimization techniques, and API variations. This design constitutes a critical framework compo-
nent that democratizes LLM selection for end-users while eliminating the need for custom interface
adaptation, a notable limitation present in alternative prompt optimization libraries.

A.5.2 PROMPT IMPROVEMENT FEEDBACK

Beyond prompt optimization capabilities, CoolPrompt enhances methodological transparency by
providing users with constructive feedback containing actionable suggestions and composition in-
sights. This functionality is implemented through the PromptAssistant module, which performs a
comparative analysis between initial and optimized prompt versions. PromptAssistant generates
an interpretation of prompt optimization results, thereby contributing to the development of users’
technical proficiency in prompt engineering and to exploration of ”efficient prompt pattern”.

A.5.3 SYNTHETIC DATA GENERATOR

Modern LLMs have demonstrated remarkable efficacy in the resolution of instructional tasks, allow-
ing the generation of synthetic data complete with target annotations. CoolPrompt takes advantage
of this capability to address critical bottlenecks in prompt evaluation.

21



1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187

Under review as a conference paper at ICLR 2026

You are an expert in LLM task domain.
You are given a user’s prompt.
Write the detailed problem description for which that prompt was created.
Use only textual description. Do not add another data.
Prompt: prompt
Provide your answer in JSON format with object with key ”problem description”.
Output format:
{

”problem description”: ”Determined problem description”
}

Figure 9: Meta-prompt for problem description generating

You are an expert in synthetic data generation. You are very experienced in creating
task examples.
You should create a validation dataset of {num samples} examples.
Create a set of ground-truth labels. Then make some test questions (inputs) that cor-
relates with problem description and use created labels as the responses.
Try to make the answers distribution more random.
Problem description: {problem description}
Provide your answer in JSON object with key ”examples” containing a list of your
artificial examples. Each example is an object with keys ”input” and ”output” which
contain corresponding text.
Make sure to include all necessary data in ”input” object. You must not add any other
objects except ”input” and ”output”.
Also remember that ”input” and ”output” are textual fields. If you have some answer
choices for input - just concat them with input text into one string.
Output format is the JSON structure below:
{

”examples”: [
{

”input”: ”Textual input”,
”output”: ”Ground-truth label”,
”id”: 1

},
...
{

”input”: ”Textual input”,
”output”: ”Ground-truth label”,
”id”: {num samples}

}
]

}
Output JSON data only. Remember to create exactly {num samples} examples.

Figure 10: Meta-prompt for classification task synthetic data generating
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You are an expert in synthetic data generation. You are very experienced in creating
task examples.
You should create a validation dataset of {num samples} examples.
Create example pairs input-output that will correspond given problem description.
Problem description: {problem description}
Provide your answer in JSON object with key ”examples” containing a list of your
artificial examples. Each example is an object with keys ”input” and ”output” which
contain corresponding text.
Make sure to include all necessary data in ”input” object.
You must not add any other objects except ”input” and ”output”. Also remember that
”input” and ”output” are textual fields.
Output format is the JSON structure below: {

”examples”: [
{

”input”: ”Textual input”,
”output”: ”Correct model output”,
”id”: 1

},
...
{

”input”: ”Textual input”,
”output”: ”Correct model output”,
”id”: {num samples}

}
]

}
Output JSON data only. Remember to create exactly {num samples} examples.

Figure 11: Meta-prompt for generation task synthetic data generating

The generation process comprises three sequential phases.

1. Highlighting the initial problem description based on the prompt provided by the user. See
meta-prompt in Fig. 9

2. Core synthetic data generation.

• The meta prompt for this step may vary depending on the provided problem (either
it is a classification or generation task). This variability is due to the need for more
structured label generation for a future dataset in the case of a classification task.
Meta-prompts are shown in Figures 10 - 11.

• The use of ids in the dataset makes makes the generation more stable, since, depending
on the quality of the model, LLM is not always able to correctly stop and generate a
right number of examples.

3. Dataset expansion with hypothetical edge cases and complex scenarios incorporating.
Meta-prompts for corner-cases scenarios generation are shown in Fig. 12 - 13.
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You are an expert in synthetic data generation. You are very experienced in creating
task examples.
You should create a validation dataset of {num samples} examples.
Create a set of ground-truth labels. Then make some test questions (inputs) that cor-
relates with problem description and use created labels as the responses. Try to make
the answers distribution more random.
The key point of your task is to create as most corner and edge cases for the problem
as possible. Try to think out of line to create the most difficult or non-trivial or corner
scenarios you can imagine.
Your examples should not be easy in terms of guessing the right answer. They should
be diverse and challenging.
Problem description: {problem description}
Provide your answer in JSON object with key ”examples” containing a list of your
artificial corner-case examples. Each example is an object with keys ”input” and ”out-
put” which contain corresponding text.
Make sure to include all necessary data in ”input” object. You must not add any other
objects except ”input” and ”output”.
Also remember that ”input” and ”output” are textual fields. If you have some answer
choices for input - just concat them with input text into one string.
Output format is the JSON structure below: {

”examples”: [
{

”input”: ”Textual corner-case input”,
”output”: ”Ground-truth label”,
”id”: 1

},
...
{

”input”: ”Textual corner-case input”,
”output”: ”Ground-truth label”,
”id”: {num samples}

}
]

}
Output JSON data only. Remember to create exactly {num samples} examples.

Figure 12: Meta-prompt for generating corner case examples for classification task
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You are an expert in synthetic data generation. You are very experienced in creating
task examples.
You should create a validation dataset of {num samples} examples.
Create example pairs input-output that will correspond given problem description.
The key point of your task is to create as most corner and edge cases for the problem
as possible. Try to think out of line to create the most difficult or non-trivial or corner
scenarios you can imagine.
Your examples should not be easy in terms of guessing the right answer. They should
be diverse and challenging.
Problem description: {problem description}
Provide your answer in JSON object with key ”examples” containing a list of your
artificial corner-case examples. Each example is an object with keys ”input” and
”output” which contain corresponding text.
Make sure to include all necessary data in ”input” object. You must not add any other
objects except ”input” and ”output”.
Also remember that ”input” and ”output” are textual fields. If you have some answer
choices for input - just concat them with input text into one string.
Output format is the JSON structure below: {

”examples”: [
{

”input”: ”Textual corner-case input”,
”output”: ”Correct model output”,
”id”: 1

},
...
{

”input”: ”Textual corner-case input”,
”output”: ”Correct model output”,
”id”: {num samples}

}
]

}
Output JSON data only. Remember to create exactly {num samples} examples.

Figure 13: Meta-prompt for generating corner case examples for generation task

The ablation study on synthetic data quality is provided in the Appendix A.2.1.

A.5.4 TASK DETECTOR

Task Detector is a specialized component or module designed to work in conjunction with LLMs.
Its primary function is to analyze the input of a user prompt and automatically identify the intent
and the specific type of task the user wants the LLM to perform.

Instead of manual setup by user, LLM, which could be as target LLM, as PromptAssistant, identifies
a task problem that uses for specifying a target metric.

A.5.5 COMPUTATIONAL COST ANALYSIS

In Table 11 you can see the cost comparison between three of our proposed methods with gpt-3.5-
turbo model. The total cost is measured in USD. The execution time of the optimization methods in
seconds is reported in Table 12.

This comparison, combined with our previous results and experiments, provides determinateness in
selecting an optimization algorithm within our featured CoolPrompt framework. As shown in the
results, ReflectivePrompt is our strongest method in terms of quality and performance. However, it
is substantially more costly than the alternatives, as it requires a considerable number of model calls
and has a longer runtime. DistillPrompt is a slightly more cost-effective option that also shows good
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Table 11: Cost Comparison: each number in this table represents the average value per one
epoch across five considered datasets (”AG News”, ”Common Gen”, ”SQUADv2”, ”XSum” and
”GSM8k”).

Method API calls Prompt tokens Completion tokens Total tokens Total cost (USD)

DistillPrompt 409 77852.84 23567.76 101420.6 0.07431
HyPE 1 244.4 37.8 282.2 0.00018
ReflectivePrompt 487.2 152436.25 37647.75 190084.0 0.13269

Table 12: Execution Time Comparison (in seconds). For DistillPrompt and ReflectivePrompt, the
metrics were calculated across 5 epochs.

Method SQUADv2 Common Gen AG News XSum GSM8k Average Average
per epoch

DistillPrompt 305 207 155 563 1026 451.2 90.24
HyPE 1.1 0.7 1.2 1 1.1 1.02 1.02
ReflectivePrompt 1077.33 1077.88 1078.03 1132.95 1087.46 1090.73 218.15

results in various domains. In cases where inexpensive and quick optimization of the user prompt is
needed, HyPE represents an excellent choice, as it utilizes only a single LLM call to obtain results,
being very fast and typically completing in about one second.
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