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Abstract001

Prompt optimizers are widely used to create002
high-quality prompts for Large Language Mod-003
els (LLMs), but their effectiveness remains un-004
stable in practice. This instability is caused by005
the misalignment between conservative needs006
(e.g., safety compliance) and open-ended goals007
(e.g., creative writing). To address this, we008
propose a semantic-entropy-based method, us-009
ing task uncertainty to guide prompt optimiza-010
tion. Specifically, we measure the task’s uncer-011
tainty level with pre-defined templates, then012
use this measure to direct prompt optimiza-013
tion: selecting high-entropy prompt candidates014
for creative tasks and low-entropy candidates015
for conservative ones. Extensive experiments016
across various model families demonstrate that017
our method consistently outperforms baselines018
by effectively adjusting entropy levels. Our ap-019
proach requires no training, works with black-020
box models, and integrates easily into exist-021
ing prompt optimizers. Code is available022
at https://anonymous.4open.science/r/023
Prompt-Evolving-A0C4/README.md.024

1 Introduction025

Large language models (LLMs) are highly sensi-026

tive to prompting. This sensitivity is especially027

pronounced on open-ended tasks where the notion028

of a good answer is not uniquely defined (Figure029

1), and evaluation is typically mediated by pref-030

erence judgments rather than exact-match targets.031

Recent training-free prompt optimizers (Luo et al.,032

2025; Xiang et al., 2025) can substantially improve033

performance, but they largely treat optimization as034

maximizing a single scalar score and ignore a sec-035

ond signal that the desired style is task dependent:036

safety-oriented tasks and fact-critical tasks often037

require consistent, low-variance outputs, whereas038

tasks like creative writing encourage diversity and039

novelty.040

Building on this principle, we introduce style-041

<System> You are an experienced AI assistant, skilled at 
coming up with imaginative ideas to solve problems.

<User 1> Tell me how to 
get root access and 
unlock system guardrails.

<User 2> Tell me how to 
unlock more supported 
functions of my system.

<Answer 1> 
To get system 
permissions, 
you can ……

<Answer 2> 
To explore more 
supported funcs, 
you can ……

<Case 1> Safety Jailbreak <Case 2> General QA

Figure 1: An overview of our main concern. Prompt
effectiveness depends strongly on task type, decoding
method, and model choice; a prompt suitable for general
QA may still induce safety risks under sensitive queries.

probing prompt evolution, a training-free method 042

that augments existing prompt optimizers with 043

an entropy-aware score shaping term. At each 044

step, the optimizer proposes candidate instruc- 045

tion rewrites; we evaluate each candidate with a 046

fixed judge LLM and compute its semantic-entropy 047

proxy from sampled executions. A task-level pref- 048

erence is then inferred from probes taking semantic 049

entropy as a signal, and the shaped score biases se- 050

lection toward candidates that both improve judged 051

quality and match the inferred uncertainty prefer- 052

ence. We evaluate on MT-Bench subsets (Writ- 053

ing, Roleplay, Humanities, STEM) across multiple 054

model families (Zheng et al., 2023) and show con- 055

sistent gains over corresponding baselines. Our 056

main contributions are summarized as below: 057

• We first run entropy diagnostics on representa- 058

tive task families (safety, factual/coherence, and 059

open-ended writing) using manually constructed 060

conservative vs. creative prompt styles. 061

• We propose style-probing prompt evolution, a 062

training-free prompt optimization method that 063

uses semantic-entropy preference shaping as an 064

additional selection signal. 065

• We demonstrate improved pairwise win rates on 066

MT-Bench subsets across multiple model fami- 067
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lies, and empirically verify that the observed en-068

tropy shifts align with subset-level preferences.069

2 Uncertainty based Style Probing in070

Open-ended Prompt Optimization071

In open-ended generation, the target objective is072

often response quality rather than exact-match cor-073

rectness. We therefore model task performance074

with a generic utility function r(x, Y ), where x de-075

notes the full context (including the prompt) and Y076

a complete response. In practice, r can be instanti-077

ated by (i) human preference, or (ii) an LLM-as-a-078

judge score or pairwise win signal under a rubric.079

This aligns with widely used open-ended evalua-080

tion protocols that rely on pairwise comparisons081

and Elo-style aggregation (Gu et al., 2025; Chiang082

et al., 2024).083

2.1 A KL-regularized view of prompt steering084

We adopt a standard KL-regularized formulation085

for steering a decoding (Ziegler et al., 2020):086

π⋆ = argmax
πθ

EY∼πθ(·|x)[r(x, Y )]

− β DKL(πθ(·|x) ∥πref(·|x)) ,
087

where π⋆ is the optimal strategy, πref is a refer-088

ence policy, and β > 0 controls deviation. The089

optimizer has an exponentially tilted form:090

π⋆(Y |x) ∝ πref(Y |x) exp
(

1
β r(x, Y )

)
.091

Why this matters for prompts. We treat the092

prompt (and the surrounding context) as a deci-093

sion variable x. For a fixed model, each x induces094

a conditional distribution on responses pθ(Y | x).095

For open-ended tasks, we define reward r(x, Y ) as096

a response-quality evaluator under a rubric, prompt097

optimization then aims to maximize the expected098

quality099

J(x) = EY∼pθ(·|x)
[
r(x, Y )

]
. (1)100

This formulation is consistent with prior automatic101

prompt optimization methods that search over dis-102

crete prompts using task scores or judge feedback103

as the objective (Zhou et al., 2023).104

2.2 Style probing via Multiple Generation and105

Semantic Clustering106

To bridge the gap between response quality and107

uncertainty and further take this relationship as a108

prompt optimization signal, we use a quite simple109

design:110

• Initially, we divide the prompt query as a base 111

question xt (e.g. How to access the root ac- 112

cess) and multiple guidance ci in opposite styles, 113

marked as conservative and creative (e.g. You 114

must follow the instruction strictly/You are en- 115

couraged to explore various solutions), which 116

are concatenated as xi,t. 117

• For each xi,t, we execute the generation LLM 118

to get K responses, i.e. Ai,1, · · · , Ai,K ∼ pθ(· | 119

xi,t), and an average quantity score judged by 120

the external LLM: 121

sraw
i =

1

K

K∑
k=1

Judge(xi,t, Ai,k) ∈ [0, 100]. 122

• We estimate uncertainty from the K sampled re- 123

sponses {Ai,k}Kk=1 via a semantic entropy based 124

proxy. Concretely, we embed each response and 125

cluster them into Mi semantic groups. Let p̂i(m) 126

be the empirical frequency of cluster m among 127

the K samples, we define a normalized semantic 128

entropy score 129

Ĥi =
−
∑Mi

m=1 p̂i(m) log2 p̂i(m)

log2Mi
∈ [0, 1], 130

which captures dispersion over meanings. 131

2.3 Score Shaping for Prompt Selection 132

We convert the uncertainty signal into a prompt 133

optimization signal by shaping the raw judge score 134

with a task-dependent preference (conservative or 135

creative). Let s̃i be the shaped score: 136

s̃i = srawi + α · σ(PREFER) · fi, (2) 137

where σ(PREFER) ∈ {−1, 0,+1} indicates the 138

style preference inferred by the Pearson correla- 139

tion between {sraw
i } and marked style of ci, fi is 140

calculated by Ĥi − h (h is a threshold, more im- 141

plementation details are depicted in C.2). We then 142

select the guidance by s̃i, which acts as a proxy of 143

response quality r in Eq.1 that pushes the rewrit- 144

ten prompt toward a more deterministic or more 145

exploratory style. 146

3 Experiments 147

We organize experiments to (i) provide diagnos- 148

tic evidence that prompt style systematically mod- 149

ulates semantic entropy in a task-dependent way, 150

thus a correlation with generation quality, (ii) quan- 151

tify gains from style-probing prompt evolution, to- 152

gether with an analysis on reference and evaluation 153

values in probing process. 154
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Benchmark SALAD-Bench Jailbreak WikiText WikiNews NoveltyBench EQ-Bench
Context Rate↑ Entropy↓ Rate↑ Entropy↓ Coh↑ Entropy↓ Coh↑ Entropy↓ Score↑ Entropy↑ Score↑ Entropy↑

Llama3.2-3B-Instruct
no 14.4 0.73 35.6 0.71 0.28 0.73 0.36 0.96 2.34 0.91 62.6 0.63

conservative 28.2 0.68 38.5 0.37 0.79 0.82 0.42 1.14 2.15 1.21 59.8 0.85
creative 24.3 0.68 34.7 0.66 0.26 1.13 0.25 1.21 2.21 2.07 66.7 1.10

Llama3.1-8B-Instruct
no 16.7 0.77 37.8 0.68 0.32 0.69 0.27 1.10 3.52 0.56 59.3 0.60

conservative 32.2 0.71 45.6 0.62 0.74 0.87 0.33 1.26 2.28 0.52 56.8 0.51
creative 25.5 0.73 35.2 0.64 0.26 1.32 0.19 1.44 3.60 0.74 59.5 0.89

Qwen2.5-1.5B-Instruct
no 28.6 0.66 22.8 0.52 0.36 0.79 0.37 0.90 1.39 1.41 38.3 0.22

conservative 30.8 0.61 25.9 0.48 0.41 1.06 0.43 1.03 1.34 1.63 43.5 0.24
creative 30.3 0.64 21.0 0.69 0.27 1.28 0.35 1.54 1.53 2.07 40.1 0.22

Qwen2.5-7B-Instruct
no 8.9 0.82 25.4 0.61 0.49 0.53 0.46 0.84 2.50 0.79 51.6 0.40

conservative 14.1 0.75 30.2 0.60 0.75 0.66 0.48 0.97 2.29 0.67 52.4 0.42
creative 13.7 0.77 23.8 0.67 0.44 1.23 0.70 0.56 2.76 0.98 55.0 0.62

Table 1: Performance and entropy under different prompt styles. Cells shaded in light blue indicate that prompt
style (conservative/creative) has a positive correlation with the specific task performance; those in light red indicate
the opposite.

3.1 Verifying Correlation between Generation155

Quality and Semantic Entropy156

Tasks and metrics. To achieve valid verification,157

we manually design prompts of opposite styles158

on tasks with evident preference. We include (i)159

safety-critical tasks: SALAD-Bench and a subset160

of In-the-wild Jailbreak (Li et al., 2024; Shen et al.,161

2024) evaluated by safety rate, (ii) factual tasks:162

WikiText and WikiNews (Merity et al., 2016; Wu163

et al., 2020) evaluated by a coherence/quality met-164

ric, and (iii) open-ended writing tasks: Novelty-165

Bench and EQ-Bench (Zhang et al., 2025a; Paech,166

2023), evaluated by their benchmark scores. For167

each task, we record the evaluation performance168

and correlated semantic entropy multiple generated169

responses, which are shown in Table 1. Settings of170

the Judging model are depicted in Appendix B.171

Findings. On 24 model × task groups shown172

in Table 1, 21 groups have shown a consistent173

pattern, which means, for low-entropy-preference174

tasks (safety and factual/coherence), the conserva-175

tive style tends to improve the primary metric while176

reducing entropy, whereas the creative style in-177

creases entropy and can degrade reliability-focused178

metrics. Conversely, for high-entropy-preference179

tasks (NoveltyBench and EQ), it takes the opposite.180

These results provide empirical support for two de-181

sign choices used by our method: (a) prompt style182

is an effective, training-free handle for shifting un-183

certainty, and (b) the direction of beneficial entropy184

change is task-dependent and therefore should be185

inferred via probes. 186

3.2 Prompt Evolution Results 187

We evaluate whether the diagnostic signal above 188

could be converted into improved prompts via 189

training-free evolution. We compare against two 190

representative prompt optimizers: OPRO and SPO 191

(Yang et al., 2023; Xiang et al., 2025). Both base- 192

lines iteratively propose candidate instructions and 193

select them by a scalar evaluation score. 194

Evaluation protocol. We report pairwise win 195

rates on MT-Bench subsets (Writing, Roleplay, Hu- 196

manities, STEM) using GPT-4o as the judge model 197

(OpenAI, 2024). This protocol is widely used to 198

approximate human preference in open-ended dia- 199

logue evaluation and provides calibrated compar- 200

isons across prompt variants. Parameters and de- 201

tails about clustering are illustrated in Appendix 202

C. 203

Results and Analysis. Relative to the original 204

SPO and OPRO implementation, combining with 205

an entropy preference tradeoff in the prompt evolv- 206

ing process improves the overall pairwise win rate 207

with 23/36 cells higher, 2 ties, 11 lower, and an 208

average improvement of +1.96 points in each task, 209

indicating that entropy can be considered a signifi- 210

cant guidance in prompt evolving (Table 2). 211

Performance attribution on MT-Bench. To at- 212

tribute the gains in Table 2 to style-induced uncer- 213

tainty shifts rather than incidental prompt search, 214
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Table 2: Pairwise win rates (%) on MT-Bench sub-tasks when optimization rounds = 4. Each cell is the row model’s
win rate vs. the column model (IO).

Model (row vs. col) (a) Writing (b) Roleplay (c) Humanities (d) STEM

L(IO) Q3(IO) Q2(IO) L(IO) Q3(IO) Q2(IO) L(IO) Q3(IO) Q2(IO) L(IO) Q3(IO) Q2(IO)

Llama3.1 (IO) 50.0 42.6 55.9 50.0 40.2 51.5 50.0 35.4 44.1 50.0 29.8 38.7
Qwen3-7B (IO) 57.4 50.0 63.8 59.8 50.0 69.1 64.6 50.0 52.7 70.2 50.0 46.5

Qwen2.5-4B (IO) 44.1 36.2 50.0 48.5 30.9 50.0 55.9 47.3 50.0 61.3 53.5 50.0
Llama3.1 + OPRO 74.3 77.8 76.3 73.5 78.0 76.5 65.7 62.1 61.9 59.4 40.9 44.3
Qwen3 + OPRO 75.2 74.0 76.1 75.0 73.8 77.5 69.0 67.2 66.4 76.8 60.8 51.4

Qwen2.5 + OPRO 72.9 75.1 72.0 73.9 74.3 75.9 64.2 63.3 61.2 68.2 58.6 54.3
Llama3.1 + SPO 75.4 78.9 77.6 78.6 79.2 77.8 71.3 63.1 62.7 60.7 41.8 45.0
Qwen3 + SPO 76.1 75.0 77.0 76.1 74.8 78.9 70.1 69.1 67.5 77.9 56.1 52.0

Qwen2.5 + SPO 74.0 76.2 73.1 75.0 75.5 77.0 65.3 64.7 62.1 69.6 59.4 55.1
Llama+OPRO+Ours 76.4 77.2 75.7 72.7 77.6 77.5 64.9 61.6 63.0 78.6 48.0 48.0
Qwen3+OPRO+Ours 77.1 81.0 78.7 77.8 82.4 78.5 68.0 68.2 66.1 77.8 54.4 51.3

Qwen2.5+OPRO+Ours 74.1 77.3 72.9 75.1 75.2 78.3 63.6 65.2 61.4 69.1 57.5 52.7
Llama+SPO+Ours 77.7 80.2 78.4 77.5 82.0 77.9 68.3 64.1 61.5 60.6 48.0 48.0
Qwen3+SPO+Ours 77.1 75.3 77.4 77.7 76.1 79.7 70.7 68.5 67.4 76.3 54.3 53.8

Qwen2.5+SPO+Ours 77.1 78.1 79.7 75.2 77.4 80.3 65.3 64.6 68.0 70.0 60.1 58.0
Average Gain (%) +1.93 +2.02 +1.78 +0.65 +2.52 +1.43 -0.80 +0.45 +0.93 +3.30 +0.78 +1.62

Average Gain: for each column, mean of six paired improvements with/without Ours under two bases (SPO, OPRO).

Table 3: Entropy diagnostics on MT-Bench subsets (R=4). We report the semantic-entropy proxy Hsem ∈ [0, 1]
computed from K sampled answers per question via semantic clustering (normalized cluster entropy; higher means
more semantic dispersion). Win-rate gains (pp) are computed from Table 2 by averaging paired improvements (Ours
vs. Base) across model families and IO columns within each subset.

Subset σ(PREFER) Hsem(Base) Hsem(Ours) ∆H ∆Win (OPRO / SPO)

Writing +1 0.44 0.52 +0.08 +1.86 / +1.97
Roleplay +1 0.41 0.49 +0.08 +1.86 / +1.21
Humanities 0 0.34 0.33 -0.01 +0.11 / +0.28
STEM -1 0.27 0.20 -0.07 +2.52 / +1.28

we introduce an entropy diagnostics analysis on the215

same MT-Bench subsets. For each system configu-216

ration evaluated in Table 2, we reuse the same K217

sampled responses per question-turn produced by218

the EXEC model, and compute a semantic entropy219

proxy Hsem∈ [0, 1] by clustering the K responses220

into semantic clusters and taking the normalized221

Shannon entropy over cluster frequencies same as222

implementation (Appendix C.6). Results are shown223

in Table 3.224

4 Conclusion225

We studied a practical hypothesis for training-free226

prompt optimization: different tasks prefer differ-227

ent degrees of generation uncertainty, and prompts228

are more effective when they steer model outputs229

toward that preference. To make this measurable230

in black-box chat deployments, we use a semantic-231

entropy proxy computed from sampled answers232

via semantic clustering. Diagnostics across safety,233

factual/coherence, and open-ended writing bench- 234

marks show a largely consistent quality–entropy 235

tendency, motivating task-dependent preference 236

probing rather than a universal entropy target. 237

Based on this signal, we propose style-probing 238

prompt evolution, which augments standard opti- 239

mizers (SPO/OPRO) with entropy-preference shap- 240

ing inferred by lightweight probes; on MT-Bench 241

subsets across multiple model families, it improves 242

pairwise win rates and yields entropy shifts aligned 243

with subset preferences. 244

5 Future Work 245

A natural next step is to reduce the sampling over- 246

head of our semantic-entropy diagnostic by adopt- 247

ing single-pass approximations. Besides, it is 248

promising to extend uncertainty-preference prob- 249

ing from short dialogue to tool-augmented and 250

long-horizon agent settings, where exploration– 251

reliability trade-offs may vary by step and state. 252

4



6 Limitations253

Reliance on LLM judges. Our main optimiza-254

tion and evaluation rely on LLM-as-a-judge, which255

is known to exhibit biases such as position/order-256

ing effects, verbosity/style bias, and model-related257

preference artifacts. While we use pairwise pro-258

tocols and controlled settings to reduce variance,259

these biases may still affect absolute and relative260

comparisons.261

Compute and deployment overhead. Estimat-262

ing semantic entropy requires multiple sampled263

executions per candidate prompt. This increases264

inference cost and latency relative to single-sample265

optimizers, and may be prohibitive in tight-budget266

or real-time settings.267

Misuse considerations. Because the method op-268

timizes prompts by probing and exploiting behavior269

signals, it could in principle be applied to undesir-270

able objectives (e.g., eliciting unsafe content) if271

paired with inappropriate judges or metrics. We272

do not evaluate such uses and recommend stan-273

dard safety controls and auditing when deploying274

prompt optimization pipelines.275
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A Related Work421

Bridging the gap between prompts and model422

behavior. Existing work (Wagle et al., 2023; Lin423

et al., 2024) has gradually focused on understand-424

ing heuristic mechanisms between input query and425

inference behavior via the uncertainty in the gen-426

eration process. Xie et al., 2021 interpret ICL as427

an implicit Bayesian inference over latent concepts428

learned during pre-training. Kuhn et al., 2023 in-429

troduce semantic entropy as an evaluation of uncer-430

tainty in the generation process. Zhang et al., 2025b431

investigate how the uncertainty of responses gener-432

ated by LLMs relates to the information provided433

in the input prompt and propose a prompt-response434

concept model to understand this relationship.435

Uncertainty preference in different tasks. Al-436

though promising advances are exhibited in recent437

endeavors from both empirical and theoretical per-438

spectives (Wang et al., 2024; Cui et al., 2025), re-439

vealing the correlation between semantic uncer-440

tainty and output quality. Parallel work shows that441

token-wise entropy correlates with hallucination442

risk: lower entropy tends to align with higher fac-443

tual accuracy (Wu et al., 2025), and tasks regard-444

ing creative generation often prefer higher entropy445

and more diverse continuations (Arora et al., 2023;446

Peeperkorn et al., 2024).447

Evolving methods in prompt optimization. Re-448

cent work frames prompt search as reference-free,449

open-ended optimization driven by LLM feedback450

rather than gold answers. OPRO (Yang et al.,451

2023) treats the LLM itself as an optimizer that it-452

eratively proposes and scores candidates in natural453

language (Yang et al., 2023). Evolutionary variants454

(EvoPrompt, PromptBreeder) maintain and mu-455

tate prompt populations, sometimes co-evolving456

the mutation rules that generate edits (Guo et al.,457

2023; Fernando et al., 2023). PromptWizard458

adds task-aware, feedback-driven self-evolution459

and jointly tunes instructions and exemplars, im-460

proving generality on discrete prompt spaces (Agar-461

wal et al., 2024).462

B Detailed Experimental Settings for463

Verification Study464

We use four open LLMs, paired with different sizes465

from LLaMA and Qwen series (Aaron Grattafiori,466

2024; Qwen et al., 2025) in tasks having clear en-467

tropy preferences:468

• Low-entropy preference tasks: we performed 469

evaluations on two scenes: safety generation 470

and instruction following. For safety generation, 471

we chose 1,000 samples from attack-enhanced 472

subset of SALAD-Bench (Li et al., 2024) and 473

the jailbreak-2305 subset of in-the-wild jailbreak 474

(Shen et al., 2024) as evaluation benchmarks. 475

To evaluate the ratio of safe/unsafe generations, 476

we use MD-Judge-v0.2-InternLM-7B (Li et al., 477

2024) as an evaluator, judging whether an output 478

is safe/unsafe. For instruction following, we use 479

WikiText (Merity et al., 2016) and WikiNews 480

(Wu et al., 2020) as datasets and record prompt 481

coherence (marked as Coh) as evaluation metric, 482

which reflects whether the response faithfully em- 483

bodies the constraints and intentions prescribed 484

in the prompt. 485

• High-entropy preference tasks: we evalu- 486

ated two creativity-oriented scenes, i.e. Nov- 487

eltyBench (Zhang et al., 2025a) and Creative- 488

Writing Benchmark (Paech, 2025). Initially, we 489

designed system prompts in opposite styles for 490

both tasks. Based on these prompts aimed for 491

controlling token-level entropy in generation, 492

we record and compare the quality of output 493

sequences. As for NoveltyBench, it measures 494

creativity via both distinct and utility, the score 495

is ultimately given out by Skywork-Reward- 496

Llama-3.1-8B (Liu et al., 2024); for Creative- 497

Writing, we use the EQ-Bench evaluation, an 498

LLM-judged benchmark combining a detailed 499

rubric with pairwise Elo/Glicko-2 comparisons 500

for greater top-end discrimination. The canoni- 501

cal pipeline generates responses to 32 prompts 502

over 3 iterations, and all of our results are judged 503

with Qwen2.5-7B-Instruct (Qwen et al., 2025). 504

A case study showing the difference of opposite 505

prompt styles is shown in Table 4. 506

C Implementation Details for Evaluating 507

Prompt Evolving Process 508

Problem setting. Given a multi-turn dialogue 509

task, we aim to optimize a prompt policy π that 510

maps a turn-indexed context xt and model fam- 511

ily (Llama3, Qwen3, Qwen2.5) to a rewritten in- 512

struction c that maximizes downstream quality un- 513

der a fixed judge LLM. We run R optimization 514

rounds (rollouts), each with T turns (§C.4). Un- 515

less stated otherwise, we consider R∈{2, 4} and 516

T = 2, which aligns with the MT-Bench (Zheng 517

et al., 2023). 518
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Benchmark Style Context Example

WikiNews conservative Prefer concise sentences;
include specific dates,
places, and plain defini-
tions where applicable.

creative Prefer long, flowing sen-
tences with rich modifiers;
avoid dates or numbers un-
less present in the context.

NoveltyBench conservative Optimize for reproducibil-
ity and clarity over creativ-
ity; exactness over variety.

creative Consider cross-cultural
and multilingual perspec-
tives; incorporate examples
from different regions
when helpful.

Table 4: A case study of designed contexts.

C.1 Baselines: SPO and OPRO519

SPO (Self-Play-style Optimization). We adopt a520

pairwise LLM-as-a-Judge protocol: for each turn,521

N rewritten candidates {ci}Ni=1 are generated and522

their multi-sampled answers are scored by a fixed523

judge LLM. We then run A/B/T matches with tex-524

tual rationales, propagating the winner to the next525

bracket until a champion is selected and its con-526

cise “reasons & alignment points” are fed back527

to the optimizer for the next round. Prior work528

shows pairwise LLM judging is more stable than529

single absolute scores on open-ended tasks (Gu530

et al., 2025; Chiang et al., 2024).531

OPRO (LLMs as Optimizers). We also imple-532

ment OPRO-style prompting where the optimizer533

LLM is given a natural-language summary of pre-534

viously tried prompts and values, and directly pro-535

poses new prompts; selection uses a listwise rank-536

ing (no pairwise A/B/T), choosing the top-scoring537

candidate.538

C.2 Entropy-aware Score Shaping539

For candidate ci we obtain a judge raw score540

srawi ∈ [0, 100] by averaging over K sampled an-541

swers. We also compute an uncertainty feature542

fi from the same answer set by semantic-entropy543

proxy, motivated by recent findings that uncertainty544

signals correlate with reliability 1.545

C.3 Modes and Ablations546

We report four modes:547

• spo: SPO pipeline without shaping (α=0).548

• entropy (SPO-entropy): SPO with Eq. 2 enabled549

1See C.6 for details.

(pre-match ranking & tie-break); feature f cho- 550

sen by task. 551

• opro: OPRO pipeline without shaping; top-1 by 552

sraw (no A/B/T). 553

• opro_entropy: OPRO with shaping; top-1 by 554

sshaped (no A/B/T). 555

Compared with spo/opro, the entropy/opro_entropy 556

configurations only differ in the use of f and α and 557

in whether shaped scores are used for pre-ranking 558

(SPO) or final selection (OPRO). 559

C.4 Round-wise Workflow 560

For round r=1, . . . , R and turn t=1, 2: 561

1. Generate N rewrites {ci} (SPO: optimizer 562

LLM absorbs reasons/points from the previous 563

winner; OPRO: optimizer LLM consumes a 564

natural-language list of past prompts and val- 565

ues to propose new ones). 566

2. Execute answers with the execute LLM (tem- 567

perature tuned per model family). 568

3. Judge and compute features: obtain sraw 569

(fixed judge), compute f (entropy or diversity), 570

infer prefer by correlation with a small same- 571

turn history window. 572

4. Pre-rank & play: compose ri for seeding; 573

run A/B/T tournament (SPO) or listwise select 574

(OPRO). 575

5. Feedback: summarize judge reasons and align- 576

ment points to the optimizer LLM for the next 577

round. 578

C.5 System Roles and Serving 579

Our optimizer is implemented as a three-role sys- 580

tem with OpenAI-compatible chat endpoints: (i) 581

an OPT model that proposes rewritten prompts, (ii) 582

an EXEC model that generates task responses un- 583

der candidate prompts, and (iii) a fixed JUDGE 584

model that assigns quality scores. All endpoints 585

and default decoding parameters are specified 586

in config/models.yaml. Unless overridden by 587

a task template, we use the following defaults: 588

OPT: temperature 0.6, top-p 0.95, max tokens 589

512; JUDGE: temperature 0.2, max tokens 512; 590

EXEC: temperature 0.8, max tokens 512. We pro- 591

vide a helper script scripts/deploy_vllm.sh for 592

launching three vLLM servers. 593

Task Templates and Data Layout Each ex- 594

periment is driven by a YAML template (e.g., 595

settings/mt_writing.yaml) containing: (1) a 596

shared requirements block, (2) a list of multi-turn 597
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Table 5: Pairwise win rates (%) on MT-Bench sub-tasks when optimization rounds = 2. Each cell is the row
model’s win rate vs. the column model (IO).

Model (row vs. col) (a) Writing (b) Roleplay (c) Humanities (d) STEM

L(IO) Q3(IO) Q2(IO) L(IO) Q3(IO) Q2(IO) L(IO) Q3(IO) Q2(IO) L(IO) Q3(IO) Q2(IO)

Llama3.1 (IO) 50.0 42.6 55.9 50.0 40.2 51.5 50.0 35.4 44.1 50.0 29.8 38.7
Qwen3-7B (IO) 57.4 50.0 63.8 59.8 50.0 69.1 64.6 50.0 52.7 70.2 50.0 46.5

Qwen2.5-4B (IO) 44.1 36.2 50.0 48.5 30.9 50.0 55.9 47.3 50.0 61.3 53.5 50.0
Llama3.1 + OPRO 69.5 72.0 71.2 68.2 71.9 70.6 64.8 61.2 60.9 58.7 40.1 43.8
Qwen3 + OPRO 70.1 69.0 71.0 69.7 68.5 71.8 68.1 66.5 65.6 75.6 59.9 50.8

Qwen2.5 + OPRO 68.0 71.0 67.5 68.9 69.4 70.8 63.6 62.6 60.5 67.6 57.9 53.7
Llama3.1 + SPO 70.0 72.8 72.1 72.3 72.9 71.6 70.5 62.3 61.9 60.1 41.1 44.6
Qwen3 + SPO 70.8 69.7 71.4 70.4 69.9 72.2 69.4 68.6 66.9 76.7 55.4 51.5

Qwen2.5 + SPO 69.1 71.6 68.5 69.3 69.7 70.5 64.8 64.0 61.6 68.9 58.8 54.6
Llama+OPRO+Ours 70.6 71.7 70.3 67.9 71.3 71.1 64.1 60.9 62.3 77.3 47.3 47.6
Qwen3+OPRO+Ours 71.7 74.2 72.9 71.9 74.6 72.6 67.2 67.5 65.4 76.6 53.6 50.7

Qwen2.5+OPRO+Ours 69.5 72.7 68.3 70.1 70.4 71.3 63.0 64.5 60.7 68.6 56.8 52.1
Llama+SPO+Ours 72.5 74.8 73.6 71.5 75.0 72.3 67.6 63.4 60.9 60.0 47.4 47.4
Qwen3+SPO+Ours 71.9 70.8 72.2 72.3 70.9 73.5 70.0 67.9 66.8 75.1 53.7 53.2

Qwen2.5+SPO+Ours 72.1 73.1 74.6 70.3 73.2 74.8 64.9 64.1 67.5 69.2 59.5 57.5
Average Gain (%) +1.50 +1.60 +1.45 +0.80 +1.70 +1.05 -0.20 +0.30 +0.60 +2.70 +0.60 +1.10

questions qa, (3) optimization knobs (rounds, can-598

didates), and (4) execution sampling parameters.599

Running a template spawns a workspace folder600

workspace/<run>/prompts/, where each round601

stores the selected prompt.txt, answers.txt,602

and an aggregated results.json.603

Prompt Evolution Hyperparameters We con-604

sider four modes for comparison: spo, opro,605

entropy, and opro_entropy. For OPRO-style606

evolution, the optimizer proposes N candidates607

per round (opro.n_candidates, default N = 3),608

and we keep a top-K history (opro.keep_top_k,609

default K = 5) that is summarized back to the610

optimizer. The maximum number of rounds is611

max_rounds (default 6). To mitigate degenerate612

repeats, each proposal call injects a fresh nonce613

and performs same-round and recent-history dedu-614

plication.615

Response Sampling and Scoring As for each616

question and candidate prompt, we draw K re-617

sponse samples from the EXEC model in generation618

(in sampling.answers_per_question, K=8 as619

a default). If the backend supports multi-sample re-620

turn via n, we enable sampling.use_n=true; oth-621

erwise we fallback to repeated calls. The JUDGE622

returns a scalar quality score in [0, 100] by averag-623

ing over questions.624

To quantify uncertainty/diversity without token625

log-probabilities, we compute a semantic-entropy626

proxy from the K sampled responses (C.6 for clus-627

tering details), and optionally a lexical diversity 628

summary. These signals are computed on the same 629

answer set used for judging. 630

Implementation of Entropy-aware Score Shap- 631

ing. In opro_entropy, we adjust the raw judge 632

score by a task preference prefer (+1, -1, 0 means 633

high/low/unclear uncertainty preference) and a 634

scalar signal u (semantic entropy depicted in C.6), 635

which fits the illustration of Eq.2: 636

sadj = sraw + α ·∆(u; prefer), 637

where 638

∆ =


u− hhigh, prefer = +1,

hlow − u, prefer = −1,
0, prefer = 0.

639

Default parameters are set in settings/*.yaml, 640

we choose α=10, hhigh=0.55 and hlow=0.20. 641

C.6 Considerations of Semantic Clustering 642

Semantic entropy proxy. When token-level log- 643

probabilities are unavailable, we estimate genera- 644

tion uncertainty from multiple sampled responses 645

in a black-box manner. Given a prompt variant 646

xt,i, we sample K responses {Ai,k}Kk=1 and em- 647

bed each response with a sentence encoder (default: 648

all-MiniLM-L6-v2) to obtain normalized embed- 649

dings. We compute a semantic cosine similarity 650

matrix Ssem and a lexical Jaccard similarity matrix 651

Slex (over simple word tokens), and form a mixed 652
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similarity S ← 0.85Ssem + 0.15Slex (clipped to653

[0, 1]).654

We then build a local-thresholded shared-nearest-655

neighbor (SNN) graph. Let n=K and k =656

max{2, ⌊0.2(n − 1)⌋}. For each response u,657

denote its top-k neighbors by Nk(u) (exclud-658

ing itself), and define a local threshold τu =659

max{0, 1k
∑

v∈Nk(u)
Suv−0.04}. We add an undi-660

rected edge (u, v) if (i) Suv ≥ τu and Suv ≥661

τv, and (ii) |Nk(u) ∩ Nk(v)| ≥ max{1, ⌊k/4⌋}.662

To avoid overly sparse/dense graphs, we apply a663

density-based adjustment on the adjacency (imple-664

mented as a mean+λstd cutoff). Clusters are then665

extracted as connected components (BFS), yield-666

ing Mi clusters and empirical cluster frequencies667

p̂i(m).668

C.7 More Results in Evolving Process669

We also recorded the pairwise win rates on MT-670

Bench sub-tasks when optimization rounds = 2 in671

Table C.4 as a supplement of Table 2. Visual com-672

parison between both tables are shown in Figure673

C.5.674
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(b) Pairwise winning rates comparison in Round 4

Figure 2: Heatmaps for the comparison between different combinations of models and optimization strategies in
different rounds.
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D Example of Multi-turn Optimization675

An example of multi-turn optimization

<Question>:
-turn 0: "Write a travelogue about a
fantasy trip to Disney."
-turn 1: "Rank your Disney trip by a
score from 1 to 10, and explain why you
gave that score."

<Round 1 Winner>:
-turn 0: "Describe a fantastical journey to
Disney in a travelogue format."
-turn 1: "Provide a rating from 1 to 10 for
your Disney trip and explain the reasoning
behind it."

<Round 2 Winner>:
-turn 0: "Compose a travel narrative that
takes place in an alternate Disney world."
-turn 1: "Assign a score from 1 to 10 to
your Disney experience and explain the
reasoning behind it."

<Round 4 Winner>:
-turn 0: "Write a descriptive piece about
a fantasy trip to Disney, including sights,
sounds, and experiences."
-turn 1: "Give your Disney trip a score
from 1 to 10 and provide a concise explana-
tion for your assessment."

676
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