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ETHICS STATEMENT

This work studies prompt optimization techniques for language models (LLMSs) to better elicit their
capabilities in solving target tasks. The primary potential risks of this research are related to the
misuse of LLMs, for example, generating misleading, harmful, or biased content.

In our experiments, we only use publicly available datasets and pre-trained LLMs, and no private
or sensitive data were involved. Specific statements on LLM usage can be found in Appendix
We emphasize that our methods are intended for research and benchmarking purposes, and we
encourage responsible use to mitigate potential societal risks.

REPRODICIBILITY STATEMENT

We are committed to ensuring the reproducibility of our work. To facilitate replication, we provide
the following details:

Computational Resources The following describes the experimental environment, including de-
tailed information on both hardware and software configurations.

* Hardware. All experiments were conducted on a computing node equipped with four NVIDIA
Tesla V100-SXM2 GPUs (32GB memory each), an Intel Xeon Gold 6248 CPU @ 2.50GHz with
20 cores, and 226 GB of RAM.

* Software. The system runs Ubuntu 20.04.6 LTS with Linux kernel version 5.4.0. All models were
implemented in Python 3.10.18 using PyTorch 2.0.0 with CUDA 11.7.

Hyperparameter Details In order to isolate the effect of our proposed method and ensure a fair
comparison, we mainly followed the default configurations used in baseline methods and intention-
ally introduced no additional trainable parameters. Specifically, the detailed hyperparameter settings
are given below.

* Initial Population Size. Following the setup of EvoPrompt, which uses both human-written and
LLM-generated prompts, we adopted a similar strategy in spirit but tailored it to our fully auto-
mated framework. (1) We identify a fixed set of components through preliminary study mentioned
atref . (2) For each component, we use an LLM to generate 10 candidate values based on prompt
templates. (3) We then randomly combine these values to create 10 initial prompts, which together
form the initial population for the evolutionary process.

* Temperature. Since the stochasticity of LLM outputs is sensitive to temperature settings, we set
the temperature to 0.5 to strike a balance between exploration and exploitation. This choice aligns
with prior work such as EvoPrompt.

» Sample Allocation. For data splits, we followed the protocols of APE and EvoPrompt. Specif-
ically, if the dataset has a predefined training/testing split, we used it as-is. For datasets without
predefined splits, we randomly selected 100 examples as the test set and used the remaining ex-
amples for training.

* Randomness Control. To ensure reproducibility. Unless otherwise noted, we use 3 random seeds
(5, 10 and 15) in the training phrase, and reported the results on the test set.

LIMITATIONS

While our framework can adaptively design well-matched prompts for any LLM across diverse
downstream tasks, several limitations remain. (1) Due to substantial computational costs, we cannot
comprehensively evaluate all models and domains. Instead, we focused on widely used datasets to
balance fairness and coverage. (2) Although we report monetary cost based on actual token usage,
variations in token pricing across input and output types cannot be precisely captured by the APIL.
Analysis indicates that most of the cost arises from including memory content as input tokens, while
output token consumption remains relatively modest, particularly when "thinking mode" is disabled.
Future work will explore prompt compression to further optimize resource use. (3) We evaluated
only representative component values from each category due to resource constraints. Nevertheless,
even with this limited set, our approach continues to outperforms or remains competitive with base-
lines, demonstrating its effectiveness and suggesting that its benefits will likely increase as LLMs
support longer contexts.
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A USE OF LLMs

Large Language Models (LLMs) were used in two ways in this work. First, LLMs served as base
models in our experiments on prompt optimization, where we studied how different prompts can
elicit their capabilities to solve target tasks. Second, LLMs were employed as auxiliary tools for
minor writing support, such as grammar checking and phrasing improvements. Specific details
about the LLMs used in our experiments can be found in Appendix [B] No LLMs were used to
generate substantive ideas, analyses, or content of the paper.

B DETAILS OF DATASETS AND LLMS USED

Datasets For fair comparison, we followed the datasets and evaluation metrics used in prior base-
lines whenever possible. Specifically, we include 4 classic NLP benchmarks (MR, Subj, CoLA,
SST-5) and two widely used question-answering datasets (SQuAD, TREC) to validate basic capa-
bilities; several domain-specific benchmarks to probe specialized performance, including Financial
Sentiment Evaluation dataset (FinFE), Financial PhraseBank (FinPB), reasoning related dataset
(Casual Judgement). Besides, one multi-domain datasets (AG’s News) and one natural language
generation dataset (SAMSum) are also used to assess overall robustness. To evaluate output quality
beyond simple accuracy, we report ROUGE-Avg on SAMSum and the Matthews correlation coef-
ficient (MCC) on CoLA. To balance computational cost while maximizing coverage, we selected
datasets according to a “maximize capability diversity” principle — for example, in addition to the
main experiments we ran Qwen2.5-7B-Instruct on Subj, AG’s News, and FinFE to cover several of
the categories above. Detailed results are presented in the experimental analysis section.

LLMs To demonstrate the adaptability of the proposed method for LLMs, we selected DeepSeek-
RI-Distill-Llama-8B and Qwen2.5-7B-Instruct from open-source LLMs, as well as GPT-4o-mini
from closed-source LLMs, as the base models for our experiments. The experiments on DeepSeck-
RI-Distill-Llama-8B evaluate both the performance of the DeepSeek model itself and, to some ex-
tent, the capabilities of the underlying Llama architecture, which is primarily trained on English-
language data. Experiments on Qwen2.5-7B-Instruct assess the framework’s performance on a
model predominantly trained on Chinese-language data, demonstrating applicability to non-English
corpora. GPT-40-mini was included because it is a widely used closed-source model in prior studies
and allows cost-effective experimentation within our budget.

C ALGORITHM DETAILS

Algorithm 1 An Overview of DelvePO

Require: A population of prompts P, size of population N, task-related dataset D, number of
epochs m, number of iterations n, working memory M = {Mcomponents, Mprompts |

Ensure: Best prompt p*

1: Initialization: P = {p1,p2, - , PN }» Mprompts < [fsort(P)s Mcomponents < 0

2: for epoch =1 to m do

3: P 0

4 for step=1ton do

5: Selection: p < f. ... (P)

6: Task-Evolution: 7y, < ¢7 (9, Mcomponents | T)

7.

8

9

Solution-Evolution: Sy, < ¢°(p, Mprompts | Tevo)
Evaluation: p’ < ¢““M(Seyo), 8" < fevar(p', D)
: Memory-Evolution: M., < ¢™ (M, (p,p',s > )
10: Pevo — {Pevovp/}
11: end for
12: Update: P + Top-N {P, Poyo }
13: end for

14: Return the best prompt p*: p* < argmax fe,q (¢LLM (p,D))
peP

15



Under review as a conference paper at ICLR 2026

The sampling function used in our framework is roulette wheel selection, denoted as f, ., .5.(+),
which is commonly used in the evolution algorithm. ¢T, ¢5 s qu refer to the Task-Evolution,
Solution-Evolution, Memory-Evolution methods, respectively. Similarly, 7, S, and M mean the
corresponding Task, Solution, Memory. Based on the components, we designed a task-agnostic
template described in Figure[d] through which any kind of LLMs can construct an initial content set
of components based on a simple description of the target task input by the user.

Hi there, | have a task to do which can be described as Downstream Task Related Information. Now |
want you to give me N contents related to Component. [OPTIONAL Example]. Please list your
answers in the following format: ['content 1', 'content 2'....]

<Query>: Hi there, | have a task to do which can be described as "answer questions about causal
attribution”. Now | want you to give me 10 related roles who are expertise in these questions. For
example, 'Casusal Analysis Experts', etc. Please list your answers in the following format: ["content 1",
"content 2",...]

<Response>: ["Cognitive Scientist", "Social Psychologist", "Computational Linguist", "Al Ethicist",
"Behavioral Economist", "Decision Theorist", "Philosophy of Mind Researcher", "Causal Inference
Data Scientist", "Educational Psychologist", "Human-Computer Interaction Specialist"]

Figure 4: Task-agnostic template for generating component values corresponding to the given com-
ponent types. The following part of the figure is the prompt to generate content for Component
"role" using the casual judgement task as an example.

D ADDITIONAL EXPERIMENTS

Table 5: The results on different downstream tasks for Qwen2.5-7B-Instruct.

Method Classical NLP Question-Answering  Domain-specific =~ Multi-domain Ave.
Subj SST-5 CoLA TREC FinFE AG’s News

APE 69.00(3.06) 47.00(1.10)  79.05(1.73 43.40(1 14) 64.30(2.70) 83.43(1 00 64.38

EvoPrompt  77.03(4 74y  57.67(1.19)  79.69(1 42 67.5505 0s) 64.67 1 50 85.73(1 .09 72.06

DelvePO 80.07(()_(;3) 60.00(1_155)) 81.40(1_[17) 70.77(1_71) 69.97([))57) 89.27(()_,)7) 75.25

Table 6: Average monetary cost (USD) for one epoch of optimization on GPT-40-mini.

Methods Subj CoLA FinPB AG’s News
Promptbreeder 1.17 1.31 0.97 1.52
APE 0.57  0.56 0.61 0.79
EvoPrompt 0.83 0.64 0.74 1.23
DelvePO 1.27 1.08 1.30 1.10
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100.0 Average Accuracy (Line) and Best Accuracy (Bar)

—&— APE - Avg
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Figure 5: Robustness of DelvePO as the number of epochs increases (Take the dataset MR as an

example).
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E DETAILED INFORMATION ABOUT COMPONENTS

To ensure that the types of components are as comprehensive and representative as possible, we
first surveyed a broad set of related literature (Yuksekgonul et al.l 2025} He et al., 2024; |[Feng et al.,
2024;Opsahl-Ong et al., 2024} Diao et al.}[2024;[Wang et al.,|2024;/2023b) and extracted a variety of
factors that have been shown to influence the performance of prompts, forming our component pool.
We then categorized all components in the pool based on the semantics implied in their original
sources, which resulted in five categories: “Role and Expertise”, “Task Content”, “Constraints and
Norms”, “Process and Behavior” and “Context and Examples”. From each category, we selected the
most representative component as our predefined component types. The complete component pool
and its categorization are provided in Table

Despite this extensive literature review, we acknowledge that some important aspects may remain
uncovered. This observation motivated our design: as more non-Al experts begin to use LLMs,
domain specialists should be able to adaptively define new components through our mechanism,
thereby supporting both effective task performance and improved interpretability. It is worth noting
that for each component type, we can add a “null” option when generating its values, allowing
the presence or absence of the component to be controlled and makes the optimized prompts more
flexible.

Table 7: The categories and types of components in the component pool

Categories Related Items
Role and Expertise Role; Role description; Scenario; Domain knowledge; Term Clarification
Task Content Task description; Instruction; Goal

Constraints and Norms ~ Output format; Constraints; Principle; Style; Length; Tone; Priority &
Emphasis; Exception handling; Target audience

Process and Behavior Workflow; CoT; Action; Skill; Suggestions; Initialization

Context and Examples ~ Examples; Reference prompt; Attachment

F TEMPLATE FOR INJECTION & PROMPTS FOR EVALUATION ON LLMSs

Template For Injection General Form _

- <component1>{content1}</componentT>. Given the Input, - - - <component2>{content2}
</component2> - - -

,w
Template For Injection AG's News
You are a <role>{role}</role>. Given the News, your task is to <task description>{task_description}

</task_description>.

Template For Injection Simplification  _
You are a <role>{role}</role>. Given the English Sentence, your task is to <task description>
{task description}</task description>.

Figure 6: Template for initializing prompt populations. It is also used in the construction of Prompts
Memory, that is, injecting discrete components into the template to obtain a continuous form prompt.
The above shows the general form, while the two below provide illustrative examples.
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Prompt_For LLM General Form _

<INSTRUCTION>: - - - {content1}. Given the Input, - - - {content2} - - -

<Input>: {input}

<OUTPUT FORMAT>: Output the final result starting with the tag <res> and ending with the tag
</res>. [OPTIONAL REQUIREMENTS]

Prompt_For LLM AG's News _

<INSTRUCTION>: You are a {role}. Given the News, your task is to {task description}.

<News>: {input}

<OUTPUT FORMAT>: Output the final result starting with the tag <res> and ending with the tag
</res>. The final result must come from the following: [World, Sports, Business, Tech].

Prompt_For LLM Simplification _—

<INSTRUCTION>: You are a {role}. Given the English Sentence, your task is to {task_description}.
<English Sentence>: {input}

<OUTPUT FORMAT>: Output the final result starting with the tag <res> and ending with the tag
</res>.

Figure 7: Complete prompt template for LLMs (including three parts: instruction, input, and output).
Here we also display two practical prompts for AG’s News and Simplification Tasks.
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G THE DETAILED PROMPTS OF TASK-EVOLUTION

Please follow the instructions step-by-step to get final result.

G339 conclude Insights from the provided Memory Components, which consists of multiple
elements. Each element contains two lists: the first contains several markup pairs in the format
<component>content</component>. For example, in the pair <role>role_description</role>, the
content ("role_description") describes the component ("role"). All markup pairs follow this structure.
By default, the first list in each element is considered to perform better than the second.

Memory Components : {Momponents}

GEEP Based on the Insights from Step 1 and the Current Prompt, select one or more component(s)
from Component Set that could potentially improve performance to form final result. Separate the
final result with a special token '|" and ensure that each of final result is unique and appears only
once. The final result must start with the tag <res> and end with the tag </res> . For example, the
final result must follow the format: <res>component1|...</res>.

Current Prompt: { p }

Component Set: {components}

Figure 8: The prompts for sub-task I

Please follow the instructions step-by-step to get final result.

GE&P) conclude Insights from the provided Memory Components, which consists of multiple
elements. Each element contains two lists: the first contains several markup pairs in the format
<component>content</component>. For example, in the pair <role>role_description</role>, the
content ("role_description") describes the component("role"). All markup pairs follow this structure.
By default, the first list in each element is considered to perform better than the second.

Memory Components : {Mcomponents}

GTP Given a list named Old Values, where each element contains a pair of contents, use the
Insights from Step 1 to select one content from each pair in original order. The final result must
start with the tag <res> and end with the tag </res> . For example, the final results must follow the
format: <res>content1|...</res>.

Old Values: {old_values}

Figure 9: The prompts for sub-task II
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H THE DETAILED PROMPTS OF SOLUTION-EVOLUTION

Please follow the instructions step-by-step to get final result.

@GP Conclude the Insights from the Memory Prompts, which consists of multiple items. Each item
includes two parts: the first part contains several markup pairs in the format
<component>content</component>. For example, in the pair <role>role_description</role>, the
content ("role_description") describes the component ("role"). Other markup pairs follow this same
structure. The second part of each item represents its corresponding performance. The entire Memory
Prompts is sorted in descending order based on performance.

Memory Prompts:: (M}‘iirs(;e}ffs}

G Given a list named Old Values, use the Insights from Step 1 to generate a new mutated
content for each content to form a new list, i.e. final result, referring to Description, adhering to Rules
below.

Description:

¢ In Old Values, each element is a markup pair like <component>content</component>
containing content that needs to mutate.

Rules:

1. Mutation Requirements:

o For each element like <component>content</component>, generate a new one content
that:

= |f the component is <role>, the new content must be a noun phrase describing a
person.

= |f the component is <task_description>, the new content must be a verb phrase
describing a task.

= |s distinct from the original content.
= Preserves lexical identity (noun/verb phrase) matching the component.

= [f the original content had the highest score, the new content must prioritize
improved performance potential (e.g., higher efficiency, enhanced properties).

= Otherwise, the new content may be derived from those contents linked to its
corresponding component in the Memory Prompts (optional but allowed).

2. Output Format:
o Start with <res> and end with </res>.
o Separate mutated contents strictly with '|' (no extra characters).

o Never include original contents in the output.

Old Values: {old_values}

Figure 10: The prompts for Sub-solution I - Prompts Memory in discrete form
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Please follow the instructions step-by-step to get final result.

GEFP) Conclude the Insights from the Memory Prompts, which contains multiple items. Each item
has two parts: a sentence enclosed in <prompt> and </prompt>, and its corresponding performance
score. The sentence includes markup pairs in the format <component>content</component>, where
the content describes the component. For example, <role>role description</role> indicates that
"role_description” explains the "role" component. All items are sorted in descending order by
performance.

Memory Prompts : {M‘;‘;ggg‘;;’“}

GEMP Based on the Current Prompt and Insights from Step 1, generate a new mutated content for
each markup pair whose component matches those listed in Mutate Factors to form the final result,
referring to Description, adhering to Rules below.

Description:
e In Current Prompt, markup pair like <component>content</component> contains content
that needs to mutate.

e In Mutate Factors, each element is a component appeared in Current Prompt .
Rules:

1. Mutation Requirements:

o For each markup pair like <component>content</component>, if the component in
Mutate Factors, generate a new one content that:

= |f the component is <role>, the new content must be a noun phrase describing a
person.

= |f the component is <task description>, the new content must be a verb phrase
describing a task.

= |s distinct from the original content.
= Preserves lexical identity (noun/verb phrase) matching the component.

= |f the original content had the highest score, prioritize generating contents with
improved performance potential (e.g., higher efficiency, enhanced properties).

= Otherwise, the new content may derive from those contents linked to its component
in the Memory Prompts (optional but allowed).

2. Output Format:
o Start with <prompt> and end with </prompt>.
o Only mutate contents within markup pairs specified in Mutate Factors.
o Preserve all other values outside markup pairs.
o Replace original contents with mutated ones directly within their components.

Current Prompt : {prompt}
Mutate Factors: {mutate_factors}

Figure 11: The prompts for Sub-solution I - Prompts Memory in continuous form
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Please follow the instructions step-by-step to get final result.

G Conclude the Insights from the Memory Prompts, which consists of multiple items. Each item
includes two parts: the first part contains several markup pairs in the format
<component>content</component>. For example, in the pair <role>role_description</role>, the
content ("role_description") describes the component ("role"). Other markup pairs follow this same
structure. The second part of each item represents its corresponding performance. The entire Memory
Prompts is sorted in descending order based on performance.

Memory Prompts : { Jfdiscrete

prompts

GE3TP Given a list named Old Values, where each element contains a pair of contents, use the
Insights from Step 1 to generate a new mutated content for each pair to form a new list, i.e. final
result, referring to Description, adhering to Rules below.

Old Values: {old_values}

Description:
¢ In Old Values, each element contains a pair of contents like [a, b].
Rules:

1. Mutation Requirements:
o For each pair of contents like [a, b], generate a new one content that:

= |f a and b are enclosed with <role> & </role>, the new content must be a noun
phrase used to describe a person.

= |f a and b are enclosed with <task description> & </task description>, the new
content must be a verb phrase used to describe a task.

= [s distinct from both a and b.
= Preserve corresponding lexical identity.

= |f the original pair has the highest score, prioritize generating contents with
improved performance potential (e.g., higher efficiency, enhanced properties).

= Otherwise, derive the new content from those contents linked to its component in the
Memory Prompts (optional but allowed).

2. Output Format:
o Start with <res> and end with </res>.
o Separate mutated contents strictly with '|' (no extra characters).

o Never include original pairs in the output.

Figure 12: The prompts for Sub-solution II - Prompts Memory in discrete form
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Please follow the instructions step-by-step to get final result.

ETP Conclude the Insights from the Memory Prompts, which contains multiple items. Each item
has two parts: a sentence enclosed in <prompt> and </prompt>, and its corresponding performance
score. The sentence includes markup pairs in the format <component>content</component>, where
the content describes the component. For example, <role>role_description</role> indicates that
"role_description” explains the "role” component. All items are sorted in descending order by

performance.

Memory Prompts : {1\4;‘;33;%;’“5}

m Based on the Prompt 1 and Insights from Step 1, generate a new mutated content for each
markup pair whose component matches those listed in Mutate Factors to form the Prompt 2, referring
to Description, adhering to Rules below.

Description:
e In Prompt 1, markup pair like <component>content</component> contains content that

needs to mutate.

e In Mutate Factors, each element is a content appeared in Prompt 1.
Rules:

1. Mutation Requirements:

o For each markup pair like <component>content</component>, if the component in
Mutate Factors, Generate a new one content that:

= |f the component is <role>, the new content must be a noun phrase describing a
person.

= |f the component is <task description>, the new content must be a verb phrase
describing a task.

= |s distinct from the original content.
= Preserves lexical identity (noun/verb phrase) matching the component.

= |f the original content had the highest score, prioritize generating contents with
improved performance potential (e.g., higher efficiency, enhanced properties).

= Otherwise, the new content may derive from those contents linked to its component
in the Memory Prompts (optional but allowed).

2. Output Format:
o Start with <prompt> and end with </prompt>.
o Only mutate contents within markup pairs specified in Mutate Factors .
o Preserve all other values outside markup pairs.
o Replace original contents with mutated ones directly within their components.

Prompt 1: {prompt1}
Mutate Factors : {mutate factors}

@33 Based on the Prompt 3 and Insights from Step 1, generate a new mutated content for each
markup pair whose component matches those listed in Mutate Factors to form the Prompt 4, referring
to Description, adhering to Rules below.

Description:

e In Prompt 3, markup pair like <component>content</component> contains content that
needs to mutate.

Figure 13: The prompts for Sub-solution II - Prompts Memory in continuous form
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1296

1297 - -

1008 e In Mutate Factors, each element is a content appeared in Prompt 3.

1299 Rules:

1300 1. Mutation Requirements:

1301 - . .

1200 o For each markup pair like <component>content</component>, if the component in

0n Mutate Factors, Generate a new one content that:

1

1304 = |f the component is <role>, the new content must be a noun phrase describing a

1305 person.

1306 = |f the component is <task_description>, the new content must be a verb phrase

1307 describing a task.

1308 = |s distinct from the original content

1309 = Preserves lexical identity (noun/verb phrase) matching the component.

1310 = |f the original content had the highest score, prioritize generating contents with

1311 improved performance potential (e.g., higher efficiency, enhanced properties).

ee = Otherwise, the new content may derive from those contents linked to its component

1313 in the Memory Prompts (optional but allowed).

1314

1315 2. Output Format:

1316 o Start with <prompt> and end with </prompt>.

1317 o Only mutate contents within markup pairs specified in Mutate Factors .

1318 o Preserve all other values outside markup pairs.

1319 o Replace original contents with mutated ones directly within their components.

1320

1321 Prompt 3: {prompt3}

1322 Mutate Factors: {mutate factors}

1323 GHID Generate final result by selecting contents from pairs in Prompt 2 and Prompt 4 under

1324 identical markup components, referring to Description, adhering to Rules below.

1325 Deseriotion:

1326 escription:

1327 e Pairs from Prompt 2 and Prompt 4 have identical components (e.g., <role>,

1328 <task_description>)

1520 Rules:

1330

1331 1. Selection Criteria:

1332 o For each tagged pair (e.g., <role>a</role> and <role>b</role>):

1333 = Use Insights from Step 1 to select one content (a or b) that has higher performance

1334 improvement potential (e.g., clarity, specificity, alignment with goals).

1335 = |f the component is <role>, the new content must be a noun phrase describing a

1336 person.

1337 . o

1338 = [f the component is <task_description>, the new content must be a verb phrase
describing a task.

1339

1340 = Preserve the lexical identity of the component.

1341 = Never modify text outside markup pairs.

1342 2. Output Format:

1343 o Start with <prompt> and end with </prompt>.

ead o Retain the structure of Prompt 3 but replace tagged pairs with the selected contents.

1345

1346 o If multiple tagged pairs exist, update all while maintaining non-tagged values verbatim.

1347

Figure 14: The prompts for Sub-solution II - Prompts Memory in continuous form (extended from

1348 .
Figure
jaag Tieure[l3)
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I CASE STUDY DETAILS

To quickly verify the generalizability of our framework, we conducted multi-turn dialogues with
DeepSeek Chat via the web interface provided by DeepSeek (DeepSeek Chat, 2025)).

Throughout the process, we take simplification task (Zhang et al.| 2023) as the example, which
allows for easy observation and interpretation of the outputs, and randomly set 4 components. The
whole process can be find in Appendix[l] For Task-Evolution, we provide two input information (see
Figure[T5] [T7) for the prompt of two sub tasks (see Figure[8] 0). And the corresponding outputs are
shown in Figure @ @ From the final results, we can derive that under the guidance of direction
(i.e., Memory Components), The LLMs could find reasonable direction for evolutionary operator.

Accordingly, for Solution-Evolution, we provide four input information (see Figure
for four kinds of scenarios. And the corresponding responses are shown in Figure

respectively. Based on the observation from the responses, we also find that the procedure designed
in this paper can accurately guide the model to deduce corresponding insights and further output
reasonable results based on the insights.

By the way, this case study provides new users with a quick understanding of our framework. It can
also serve as a practical guide, allowing anyone to construct a prototype using the system prompts
provided in the case study without writing any code, which can help users optimize domain-specific
prompts. We sincerely invite researchers to try it out and share their valuable feedback for further
improvement.

ETF) Memory Components:
[

[<action>Clarify Sentence Meaning</action>, <requirements>Adapt to
Audience</requirements>],
[<action>Reduce Linguistic Complexity</action>, <requirements>Improve
Structure</requirements>]
1,
[
[<role>Readability Specialist</role>],
[<role>Sentence Simplifier</role>]

]

m Current Prompt:

<role>Sentence Simplifier</role>,

<task_description>Rewrite the provided sentences in a simpler
form</task_description>,

<action>Condense Sentences</action>,

<requirements>Adapt to Audience</requirements>

Component Set:

[role, task_description, action, requirements]

Figure 15: The input for sub-task I
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Step 1: Conclude Insights from the Memory Components

1. In the first tuple, <action>Clarify Sentence Meaning</action> is preferred over <action>Reduce
Linguistic Complexity</action>, and <requirements>Adapt to Audience</requirements> is preferred
over <requirements>Improve Structure</requirements> .

2. In the second tuple, <role>Readability Specialist</role> is preferred over <role>Sentence
Simplifier</role> .

Insights:

¢ Role: "Readability Specialist" outperforms "Sentence Simplifier."

e Action: "Clarify Sentence Meaning" outperforms "Reduce Linguistic Complexity" (and by
extension, other actions like "Condense Sentences").

¢ Requirements: "Adapt to Audience" is already the preferred choice.
Step 2: Select Components to improve performance based on Current Prompt and Insights
e The Current Prompt uses <role>Sentence Simplifier</role>, but the Insights suggest
<role>Readability Specialist</role> is better.
e The Current Prompt uses <action>Condense Sentences</action>, but the Insights suggest
<action>Clarify Sentence Meaning</action> is better.

e The Current Prompt already uses the preferred <requirements>Adapt to Audience</requirements>,
so no change is needed here.

final result: <res>role|action</res>

Figure 16: The responses for sub-task I
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ETP Memory Components:

[
[

[<action>Clarify Sentence Meaning</action>, <requirements>Adapt to
Audience</requirements>], [<action>Reduce Linguistic
complexity</action>, <requirements>Improve Structure</requirements>]

1,

[
[<role>Readability Specialist</role>],
[<role>Sentence Simplifier</role>]

I

[

[<action>Optimize Readability</action>, <task_description>Reduce the
complexity of the provided sentences</task_description>],

[<action>Reword for Better Clarity</action>, <task_description>Reword the
provided sentences for better clarity</task_description>]

]
]
GETP old Values:
[

[<role>Readability Specialist</role>, <role>Paraphrasing Specialist</role>],
[<action>Simplify Sentence Structure</action>, <action>Break Down
Ccomplexity</action>]

]

Figure 17: The input for sub-task II
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Step 1: Conclude Insights from Memory Components
From the Memory Components:

1. First Element:

o The pair <action>Clarify Sentence Meaning</action> with <requirements>Adapt to
Audience</requirements> is preferred over <action>Reduce Linguistic Complexity</action> with
<requirements>Improve Structure</requirements> .

o Insight: Prioritizing audience adaptation and meaning clarification over general structural
improvement and complexity reduction.

2. Second Element:
o <role>Readability Specialist</role> is preferred over <role>Sentence Simplifier</role> .

o Insight: "Readability Specialist” is considered a more effective or broader role than
"Sentence Simplifier".

3. Third Element:

o <action>Optimize Readability</action> is preferred over <action>Reword for Better
Clarity </action> .

o Insight: Optimizing readability takes precedence over merely rewording for clarity.
Step 2: Apply Insights to Select from Old Values
Old Values:

1. [<role>Readability Specialist</role>, <role>Paraphrasing Specialist</role>]

o Based on Insight 2, "Readability Specialist" is already preferred, and since "Paraphrasing” is
similar to "Sentence Simplifier", "Readability Specialist" aligns better with the insight.
2. [<action>Simplify Sentence Structure</action>, <action>Break Down Complexity </action>]

o Based on Insight 1 and 3:

= "Simplify Sentence Structure" relates more directly to optimizing readability and
clarifying sentence meaning.

= "Break Down Complexity" could be interpreted similarly to "Reduce Linguistic
Complexity", which was not preferred.

o So, choose "Simplify Sentence Structure".

Final Output (final results):

<res>
<role>Readability Specialist</role>

<action>Simplify Sentence Structure</action>
</res>

Figure 18: The responses for sub-task II
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ETP) Memory Promptsdiscrete:

[<role>Sentence Simplifier</role>, <task_description>Clarify the meaning of
the given sentences by simplifying them</task_description>, <action>Optimize
Readability</action>, <requirements>Improve Structure</requirements>],

25.0

[<role>Readability Specialist</role>, <task_description>Reduce the complexity
of the provided sentences</task_description>, <action>Clarify Sentence
Meaning</action>, <requirements>Simplify Vocabulary</requirements>],

21.0

[<role>Grammar & Clarity Editor</role>, <task_description>Modify the given
sentences to be more straightforward</task_description>, <action>Reduce Linguistic
Complexity</action>, <requirements>Adapt to Audience</requirements>],

16.0

[<role>AI Sentence Simplifier</role>, <task_description>Reword the provided
sentences for better clarity</task_description>, <action>Simplify Sentence
Structure</action>, <requirements>Ensure Conciseness</requirements>],

14.0
]
]
ETP old Values:
[
<role>Sentence Simplifier</role>,
<action>Reduce Linguistic Complexity</action>
1

Figure 19: The input for Sub-solution I - Prompts Memory in discrete form
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Based on the Memory Item List and the Old Values provided, here's how we can generate the
Mutated Values:
1. For <role>Sentence Simplifier</role> :

o This role already has the highest performance score (25.0), so we need to create a new value
that's different but still relevant.

o Possible mutation: "Clarity Optimizer" (derived from the action "Optimize Readability" in the
top-performing item)

2. For <action>Reduce Linguistic Complexity</action> :

o This action comes from an item with performance score 16.0 (not the highest), so we can
derive a new value from higher-performing items.

o The top-performing item has action "Optimize Readability" (score 25.0)

o The second-highest has action "Clarify Sentence Meaning" (score 21.0)

Mutated Values:

<res>
<role>Clarity Optimizer</role>,
<action>Optimize Readability</action>
</res>

Figure 20: The responses for Sub-solution I - Prompts Memory in discrete form
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ETP Memory Promptscontinuous.

<prompt>You are a <role>Sentence Simplifier</role>. Given the English
Sentence, your task is to <task_description>Clarify the meaning of the given sentences
by simplifying them</task_description>. To accomplish this, you need to
<action>Optimize Readability</action>. Please make sure to <requirements>Improve
Structure</requirements> throughout the process.</prompt>,

25.0

<prompt>You are a <role>Readability Specialist</role>. Given the English
Sentence, your task is to <task_description>Reduce the complexity of the provided
sentences</task_description>. To accomplish this, you need to <action>Clarify Sentence
Meaning</action>. Please make sure to <requirements>Simplify Vocabulary</requirements>
throughout the process.</prompt>,

21.0

<prompt>You are a <role>Grammar & Clarity Editor</role>. Given the English
Sentence, your task is to <task_description>Modify the given sentences to be more
straightforward</task_description>. To accomplish this, you need to <action>Reduce
Linguistic Complexity</action>. Please make sure to <requirements>Adapt to
Audience</requirements> throughout the process.</prompt>,

16.0

<prompt>You are a <role>Technical Content Simplifier</role>. Given the English
Sentence, your task is to <task_description>Reword the provided sentences for better
clarity</task_description>. To accomplish this, you need to <action>Simplify Sentence
Structure</action>. Please make sure to <requirements>Ensure
Cconciseness</requirements> throughout the process.</prompt>,

14.0

m Current Prompt:

<prompt>

You are a <role>Sentence Simplifier</role>. Given the English Sentence, your task
is to <task_description>Rewrite the provided sentences in a simpler
form</task_description>. To accomplish this, you need to <action>Condense
Sentences</action>. Please make sure to <requirements>Adapt to Audience</requirements>
throughout the process.
</prompt>

m Mutate Factors:

<res> role | requirements </res>

Figure 21: The input for Sub-solution I - Prompts Memory in continuous form
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Here is the Final Prompt with mutated values for the specified tags (role and requirements), while
keeping the rest unchanged:

<prompt>

You are a <role>Clarity Enhancer</role>. Given the English Sentence, your task is
to <task_description>Rewrite the provided sentences in a simpler
form</task_description>. To accomplish this, you need to <action>Condense
Sentences</action>. Please make sure to <requirements>Improve Structure</requirements>
throughout the process.
</prompt>

Mutation Justification:

1. <role>
o Original: "Sentence Simplifier"

o Mutated: "Clarity Enhancer” (Inspired by high-performing roles like "Readability Specialist”
and "Grammar & Clarity Editor", but distinct.)

2. <requirements>
o Original: "Adapt to Audience”
o Mutated: "Improve Structure” (Drawn from the top-performing prompt's <requirements>,

ensuring relevance while avoiding repetition.)

All other tags (task_description, action) remain unchanged as they were not in the Mutate Factors.
The new values align with high-scoring patterns while being unique.

Figure 22: The responses for Sub-solution I - Prompts Memory in continuous form
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@ Memory Promptsdiscrete:

[<role>Sentence Simplifier</role>, <task_description>Clarify the meaning of
the given sentences by simplifying them</task_description>, <action>Optimize
Readability</action>, <requirements>Improve Structure</requirements>],

25.0

[<role>Readability Specialist</role>, <task_description>Reduce the complexity
of the provided sentences</task_description>, <action>Clarify Sentence
Meaning</action>, <requirements>Simplify Vocabulary</requirements>],

21.0

[<role>Grammar & Clarity Editor</role>, <task_description>Modify the given
sentences to be more straightforward</task_description>, <action>Reduce Linguistic
Complexity</action>, <requirements>Adapt to Audience</requirements>],

16.0

[<role>AI Sentence Simplifier</role>, <task_description>Reword the provided
sentences for better clarity</task_description>, <action>Simplify Sentence
Structure</action>, <requirements>Ensure Conciseness</requirements>],

14.0
]
]
@GP old Values:
[

[<role>Sentence Simplifier</role>, <role>Paraphrasing Specialist</role>],
[<action>Reduce Linguistic Complexity</action>, <action>Break Down
Complexity</action>]

]

Figure 23: The input for Sub-solution II - Prompts Memory in discrete form
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Step 1: Conclude the Insights from the Memory Prompts
From the Memory Prompts, we can observe the following insights:

1. Roles: The roles are centered around simplifying, clarifying, or modifying sentences to improve
readability and reduce complexity. Examples include "Sentence Simplifier," "Readability
Specialist," "Grammar & Clarity Editor," and "Al Sentence Simplifier."

"o

2. Task Descriptions: The tasks involve simplifying, rewording, or modifying sentences for clarity
and straightforwardness. Examples include "Clarify the meaning of the given sentences by
simplifying them" and "Reduce the complexity of the provided sentences.”

3. Actions: The actions focus on optimizing readability, clarifying meaning, reducing linguistic
complexity, and simplifying sentence structure. Examples include "Optimize Readability" and
"Clarify Sentence Meaning."

4. Requirements: The requirements emphasize improving structure, simplifying vocabulary,
adapting to the audience, and ensuring conciseness. Examples include "Improve Structure” and
"Simplify Vocabulary."

The list is sorted in descending order of performance, with "Sentence Simplifier" being the highest-
performing role.

Step 2: Mutate a new value from each pair in Old Values

Old Value Pair 1:

[<role>Sentence Simplifier</role>, <role>Paraphrasing Specialist</role>]

¢ Sentence Simplifier: From the Memory Prompts, this role involves simplifying sentences for
clarity.

¢ Paraphrasing Specialist: Not explicitly in the Memory Prompts, but likely involves rewording
sentences while preserving meaning.

e Mutation: Combine the ideas of simplifying and rewording to create a new role that emphasizes
clarity and adaptation. For example, "Clarity Adaptation Editor" or "Simplification & Paraphrasing
Expert."

o Chosen mutation: "Clarity Adaptation Editor"

Old Value Pair 2:

[<action>Reduce Linguistic Complexity</action>, <action>Break Down
Complexity</action>]

¢ Reduce Linguistic Complexity: From the Memory Prompts, this involves making language less
complex.

e Break Down Complexity: Similar, but more focused on decomposing complex ideas.

e Mutation: Combine the ideas of reducing and breaking down complexity into a more general or
refined action. For example, "Streamline Language” or "Simplify and Deconstruct."

o Chosen mutation: "Streamline Language"
Final Mutated Values:
<res>

[<role>Clarity Adaptation Editor</role>, <action>Streamline Language</action>]
</res>

Figure 24: The responses for Sub-solution II - Prompts Memory in discrete form
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m Memory promptscontinuous:

<prompt>You are a <role>Sentence Simplifier</role>. Given the English Sentence,
your task is to <task_description>Clarify the meaning of the given sentences by
simplifying them</task_description>. To accomplish this, you need to <action>Optimize
Readability</action>. Please make sure to <requirements>Improve Structure</requirements>
throughout the process.</prompt>,

25.0

<prompt>You are a <role>Readability Specialist</role>. Given the English
Sentence, your task is to <task_description>Reduce the complexity of the provided
sentences</task_description>. To accomplish this, you need to <action>Clarify Sentence
Meaning</action>. Please make sure to <requirements>Simpl1ify Vocabulary</requirements>
throughout the process.</prompt>,

21.0

<prompt>You are a <role>Grammar & Clarity Editor</role>. Given the English
Sentence, your task is to <task_description>Modify the given sentences to be more
straightforward</task_description>. To accomplish this, you need to <action>Reduce
Linguistic Complexity</action>. Please make sure to <requirements>Adapt to
Audience</requirements> throughout the process.</prompt>,

16.0

<prompt>You are a <role>Technical Content Simplifier</role>. Given the English
Sentence, your task is to <task_description>Reword the provided sentences for better
clarity</task_description>. To accomplish this, you need to <action>Simplify Sentence
Structure</action>. Please make sure to <requirements>Ensure Conciseness</requirements>
throughout the process.</prompt>,

14.0

GEP Prompt 1:

<prompt>You are a <role>Sentence Simplifier</role>. Given the English Sentence, your task
is to <task_description>Rewrite the provided sentences in a simpler
form</task_description>. To accomplish this, you need to <action>Condense
Sentences</action>. Please make sure to <requirements>Adapt to Audience</requirements>
throughout the process.

</prompt>

Mutate Factors:

<res> role | requirements </res>

m Prompt 3:

<prompt>You are a <role>Linguistic Analyst</role>. Given the English Sentence, your task
is to <task_description>Rewrite the provided sentences in a simpler
form</task_description>. To accomplish this, you need to <action>Condense
Sentences</action>. Please make sure to <requirements>Preserve Meaning</requirements>
throughout the process.

</prompt>

Mutate Factors:

<res> role | requirements </res>

Figure 25: The input for Sub-solution II - Prompts Memory in continuous form
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Step 1: Insights from the Memory Prompts

1. Highest Scoring Item (Score: 25.0):
o Role: Sentence Simplifier
o Task Description: Clarify the meaning of the given sentences by simplifying them
o Action: Optimize Readability
o Requirements: Improve Structure
2. Other Items:
o Role: Readability Specialist (Score: 21.0)
o Role: Grammar & Clarity Editor (Score: 16.0)
o Role: Technical Content Simplifier (Score: 14.0)
Step 2: Mutate Prompt 1
Mutate Factors: <res> role | requirements </res>
o Role: "Sentence Simplifier" is already the highest-scoring role, so we generate a new value: "Clarity
Enhancer".
¢ Requirements: "Adapt to Audience” is not the highest-scoring (highest is "Improve Structure"), so

we replace it with "Improve Structure”.

Prompt 2:

<prompt>You are a <role>Clarity Enhancer</role>. Given the English Sentence, your task is
to <task_description>Rewrite the provided sentences in a simpler form</task_description>.
To accomplish this, you need to <action>Condense Sentences</action>. Please make sure to
<requirements>Improve Structure</requirements> throughout the process.</prompt>

Step 3: Mutate Prompt 3
Mutate Factors: <res> role | requirements </res>
¢ Role: "Linguistic Analyst” is not in the Memory Item List, so we replace it with the highest-scoring
role: "Sentence Simplifier".
e Requirements: "Preserve Meaning" is not the highest-scoring, so we replace it with "Improve

Structure”.

Prompt 4:

<prompt>You are a <role>Sentence Simplifier</role>. Given the English Sentence, your task
is to <task_description>Rewrite the provided sentences in a simpler
form</task_description>. To accomplish this, you need to <action>Condense
Sentences</action>. Please make sure to <requirements>Improve Structure</requirements>
throughout the process.</prompt>

Step 4: Combine Prompt 2 and Prompt 4
Combine the best-performing markup pairs from Prompt 2 and Prompt 4:
e Role: "Clarity Enhancer" (from Prompt 2)
o Task Description: "Rewrite the provided sentences in a simpler form" (common in both)

e Action: "Condense Sentences" (common in both)

¢ Requirements: "Improve Structure" (common in both)

Final Prompt:

<prompt>You are a <role>Clarity Enhancer</role>. Given the English Sentence, your task is
to <task_description>Rewrite the provided sentences in a simpler form</task_description>.
To accomplish this, you need to <action>Condense Sentences</action>. Please make sure to
<requirements>Improve Structure</requirements> throughout the process.</prompt>

Figure 26: The responses for Sub-solution II - Prompts Memory in continuous form
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