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Abstract

Large Language Models (LLMs) are increas-
ingly deployed in adversarial environments,
yet current automatic prompt optimization
methods often suffer from "shortcut learn-
ing"—overfitting to specific samples rather
than learning generalizable principles. We ar-
gue that, compared to scalar reward optimiza-
tion or few-shot enumeration alone, the inter-
pretability of language offers a useful medium
for inducing robust decision logic. To study
this, we introduce PROSE, a robust prompt op-
timizer that uses semantic reflection and multi-
objective evolution to reduce over-reliance on
enumerated examples. Facing adversarial tasks,
PROSE employs an operational proxy for ex-
plicit case enumeration as an additional opti-
mization objective. By exploring the Pareto
frontier between performance and this proxy, it
adds a regularization signal against sample fit-
ting and favors more reusable rule descriptions.
It employs ensemble-based de-biasing strate-
gies and a semantic greedy selection mecha-
nism to reduce inductive bias and premature
"semantic collapse," while leveraging LLM-
based reflection to summarize concise, high-
level rules from failure patterns. Across the
evaluated benchmarks, PROSE achieves higher
average performance than the strongest base-
line by up to 14.6 percentage points in accuracy
on Short-Text and up to 11.84 percentage points
in F1 score, while showing stronger held-out
content-category generalization and reducing
the F1 degradation from 29.7 points for GEPA
to 13.0 points.

1 Introduction

The deployment of Large Language Models
(LLMs) in high-stakes, adversarial environments
demands both performance and robustness. Al-
though Automatic Prompt Optimization (APO) has
evolved from manual engineering (Wei et al., 2022)
to automated search (Pryzant et al., 2023; Opsahl-
Ong et al., 2024; Agrawal et al., 2025), a gap re-
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mains between training-set improvement and ro-
bust generalization. Current reflective methods,
while efficient, are constrained by context win-
dows, forcing them to rely on mini-batch opti-
mization. This can encourage an "enumerative
defense" style—stacking specific bad cases or shal-
low prompt patches to maximize training scores.
Consequently, models may overfit to specific fail-
ure patterns. Increasing data diversity alone does
not necessarily yield generalizable principles, and
can still cause instability under distribution shifts
or novel attacks. Robustness requires guiding the
model beyond case accumulation to inducing ab-
stract logic. A prompt can capture the underlying
intent signals of harmful language and shift from
blacklist memorization to "principled defense."

However, supporting this direction faces two
formidable challenges: (1) Objective Bias: Ex-
isting frameworks only reward task metrics (e.g.,
accuracy), incentivizing verbose, case-stacking
prompts and weakening reusable rule construction.
They can mechanically cover observed samples in-
stead of distilling broader rules. (2) Search Space
Constriction: Relying on single-source reflection
limits semantic exploration, often causing the pop-
ulation to suffer from premature convergence (or
"semantic collapse"), even with multiple perfor-
mance constraints.

To overcome these challenges, we propose the
PROSE' (Pareto-Robust Optimization via Seman-
tic Evolution) framework, which uses language
interpretability to analyze and extract generalized
logic from limited sample feedback. PROSE com-
bines multi-objective prompt evolution, explicit
case-reliance control, semantic prompt-level diver-
sity, and LLM-mediated rule-refinement operators.
These coordinated optimization pressures target
case-enumeration overfitting and population-level
semantic collapse. Our main contributions are:

"Project repository: https:/github.com/lawgenesis/PROSE
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1. Ensemble-based De-biasing Framework:
We reduce the inductive bias of single-source
reflection through an ensemble-based de-
biasing strategy. By using a diverse pool of
meta-prompts and random sampling of model
pools, we reduce the risk that the evolution-
ary process becomes tied to a single model
preference or instruction style.

2. Case-Reliance Proxy: To curb "shortcut
learning,"” we establish a case-reliance proxy
as an independent optimization objective.
This mechanism penalizes verbose example
enumeration and encourages the optimizer to
replace case lists with concise high-level rules
when doing so preserves validation perfor-
mance.

3. Semantic Diversity Selection: Addressing
this semantic collapse, we introduce a seman-
tic greedy selection mechanism. By imposing
a diversity penalty in the semantic space, the
population maintains diverse logical patterns
even when the differences in the Pareto objec-
tive space are limited.

4. Synergistic Evolutionary Operators: We
design a suite of co-evolutionary opera-
tors—including Reflective Mutation for logi-
cal correction, Rewrite Operators for rule dis-
tillation, and Semantic Crossover for strategic
fusion. These operators combine complemen-
tary prompt strategies at the logical level and
move beyond surface wording edits.

Reproducibility. We will release runnable PROSE
code, ToxiCN and HotpotQA task adapters, pub-
lic configurations and seeds, meta-prompt/operator
templates, evaluation scripts, and releasable desen-
sitized Short-Text artifacts at https://github.com/
lawgenesis/PROSE.

2 Related Work

LLM security is a critical concern (Das et al.,
2025), with adversarial attacks like jailbreaking
and prompt injection inducing model deviations
through increasingly concealed strategies. In con-
tent moderation, attackers often employ semantic
obfuscation (e.g., homophones, character splitting)
to bypass static defenses. This necessitates auto-
mated, adaptive defense mechanisms.

For Chinese toxic language detection, ToxiCN
(Lu et al., 2023) provides a fine-grained bench-

mark with both direct and indirect toxic samples,
motivating our use of ToxiCN as an external evalua-
tion dataset alongside the self-collected Short-Text
benchmark.

2.1 Feedback-Driven Prompt Optimization

Recent work shows that language feedback can
guide iterative improvement in LLM systems. Re-
flexion (Shinn et al., 2023) demonstrated how ver-
balized feedback reinforces learning from errors,
while ReAct (Yao et al., 2023) improved problem
solving through interleaved reasoning and action.
In prompt optimization, this line of work moti-
vates mutation operators that use error feedback
as a richer search signal than scalar rewards alone.
PROSE follows this feedback-driven view, with
additional pressure for diverse prompt strategies
and reduced reliance on concrete examples during
evolution.

2.2 Automated Prompt Optimization

The prompt engineering aims to fully utilize the po-
tential of large language models by providing clear
and logical instructions. Chain-of-Thought (CoT)
(Wei et al., 2022) improved complex reasoning but
relies on expert-crafted examples. To overcome
scalability bottlenecks, researchers explored auto-
mated optimization. Soft Prompts (Lester et al.,
2021) optimize in continuous vector space but re-
quire parameter access. APE (Zhou et al., 2023)
formulates prompt generation as program synthe-
sis; OPRO (Yang et al., 2024) uses in-context learn-
ing for iterative optimization. For compound Al
systems, DSPy (Khattab et al., 2023) offers a mod-
ular approach. Notably, MIPROv2 (Opsahl-Ong
et al., 2024) employs Bayesian Optimization to
jointly optimize instructions and few-shot exam-
ples. Prior work has also studied the trade-off be-
tween improving instructions and adding demon-
strations (Wan et al., 2024), which is closely re-
lated to our case-reliance objective. In adversarial
moderation, strong reliance on examples can risk
"shortcut learning," where models prioritize pat-
tern matching over generalized reasoning. This
motivates instruction-centric optimization that ex-
plicitly controls example dependence. ProTeGi
(Pryzant et al., 2023) operationalizes textual gra-
dients with minibatch feedback and beam search,
while TextGrad (Yuksekgonul et al., 2025) ex-
tends gradient-based optimization to compound
systems. Compared to these gradient-based APO
approaches, our case-reliance proxy adds a reg-
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Figure 1: The PROSE framework contains four components. (A) Multi-objective Evaluation Module computes task
performance and the case-reliance proxy for Pareto sorting. (B) Semantically-aware Diversified Selection filters
elites with semantic-embedding diversity penalties. (C) Synergistic Evolutionary Operators generate offspring via
Reflective Mutation, Semantic Fusion, and Rewrite Mutation. (D) Ensemble-based De-biasing Strategy samples

model and template pools to diversify reflection.

ularization signal against example memorization.
Additionally, recent studies have demonstrated the
fragility of prompts, showing that models often
overfit to specific formatting or spurious features
rather than learning robust logic (Sclar et al., 2024).
This further highlights the necessity of our seman-
tic diversity constraints and example-reliance con-
trol to reduce shortcut learning.

In evolutionary optimization, EvoPrompt (Guo
et al., 2024) combines LLMs with genetic algo-
rithms, while PromptBreeder (Fernando et al.,
2024) introduces self-referential evolution and
GEPA (Agrawal et al., 2025) uses reflective muta-
tion with Pareto-based selection. Lexicase selec-
tion preserves behavioral specialists by selecting
on individual cases in randomized order (Spector,
2012), NSGA-III promotes objective-space cover-
age through reference points (Deb and Jain, 2014),
and ToxSearch uses speciation to maintain diversity
when evolving prompts for toxic-output discovery
(Shelar and Desell, 2026). For textual prompt evo-
lution, prompts with similar objective values may
still encode distinct reasoning strategies, while re-
liance on a single reflection model can narrow the
explored reasoning modes. PROSE therefore com-
bines validation-level objective tuples with seman-
tic prompt-level diversity, an anti-case-enumeration
objective, and ensemble-based reflection. Semantic
Greedy Selection preserves distinct prompt strate-
gies, while model and template sampling broaden
the sources of evolutionary feedback.

3 Method

By exploring the Pareto frontier between detection
performance and the case-reliance proxy, PROSE
establishes a multi-objective evolutionary frame-
work that biases search toward concise and reusable
rule descriptions. The evolved genome is the dis-
crete natural-language prompt used by the exe-
cution model. Each candidate record stores this
text together with its validation objective tuple, se-
mantic embedding, parent/operator history, and
evaluation logs; selection and analysis use this
auxiliary state, while the operators modify the
textual genome. We use semantic collapse for
population-level convergence toward semantically
near-duplicate prompts and semantic fusion for
LLM-mediated crossover between complementary
prompt strategies. As shown in Figure 1, the
framework consists of four core components: a
Multi-objective Evaluation Module, Semantically-
aware Diversified Selection, an Ensemble-based
De-biasing Strategy, and Synergistic Evolutionary
Operators.

3.1 Multi-objective Evaluation Module

The Multi-objective Evaluation Module formalizes
prompt optimization as a multi-objective maximiza-
tion problem. We group the objectives into task-
related performance and our proposed case-reliance
proxy. For any candidate prompt z, its objective
vectoris V(z) = [P(x), A(z)] (to be maximized),
where A(z) is a high-is-better score that penalizes
excessive reliance on concrete examples. In the
Short-Text moderation experiments, we instantiate
P(z) as validation Precision and Recall for Pareto

36584



sorting, while validation Accuracy is used as the
primary selector among non-dominated final can-
didates. Full split, selection, and metric details are
reported in Appendix A.1 and Appendix A.2. The
two objective groups are:

1. Detection Performance P (z): This dimen-
sion encapsulates the traditional evaluation criteria
measured exclusively on the validation set. It can
comprise one or multiple metrics depending on the
task requirements (e.g., accuracy, precision, recall,
F1 score, etc.). For classification tasks, Accuracy is
the primary validation metric for final prompt selec-
tion. For Short-Text optimization, P(z) contains
validation precision and recall as Pareto objectives,
with validation accuracy used as the primary se-
lector among non-dominated prompts. We report
F1 alongside Accuracy to show the precision-recall
trade-off; for the HotpotQA (Yang et al., 2018)
dataset, we use Ans EM as the primary metric.

2. Case-Reliance Proxy A(z): This objective is
designed to regularize "Shortcut Learning." Adding
concrete examples is often the most direct way to
boost local evaluation metrics. However, excessive
reliance on examples is undesirable, as it can in-
crease overfitting risk—especially since real-world
datasets naturally contain conflicting samples. We
therefore define the case-reliance proxy as an inde-
pendent evaluation dimension:

|Texample (ZL‘) |

A(x) =1 — Rexample(x) = 1 — T()

(1
where |Texample()] is the character length of ex-
tracted cases and |7'(z)| is the total prompt length.
The score measures how much of a prompt con-
sists of explicit cases. We count concrete exam-
ples, named exceptions, blacklists, exception ta-
bles, and summaries of observed failure patterns
as case content. Thresholds, regex rules, decision
tables, and category lists are judged by their func-
tion. General decision criteria count as rules, while
dataset-specific lists count as cases. A compact
taxonomy or weighted rule system also counts as
case content if it only summarizes observed fail-
ures. We use A(x) together with task metrics in
Pareto sorting. A case-heavy prompt can remain on
the Pareto front when it achieves better task perfor-
mance. Among prompts with similar performance,
PROSE favors the prompt with lower case reliance.
We further evaluate generalization and rule qual-
ity using held-out results and human judgments.
Appendix D details the extraction guideline, me-
dian sampling, stability checks, and candidate-level

evidence.

3.2 Semantically-aware Diversified Selection

To maintain semantic diversity while retaining pop-
ulation fitness and preventing premature conver-
gence, we propose a layered selection strategy com-
bining Pareto dominance and semantic embedding
constraints. Traditional multi-objective algorithms
(e.g., NSGA-II) rely on crowding distance, which
only restricts diversity in the objective metric space
and fails to assess similarity at the linguistic level.
In each generation, the population is stratified into
approximate Pareto fronts {Fy, Fy, ..., F}} via
Non-dominated Sorting. Each candidate ¢ € F is
assigned a base fitness Fitness(c) = ¢, prioritizing
solutions on earlier fronts. Upon completion of the
evolutionary process, since task performance is one
of our multi-objective goals, we select the single
prompt from the multiple non-dominated solutions
in F that yields the highest task-specific primary
validation metric (Accuracy for Short-Text) as the
final output for independent test set evaluation.

To reduce the risk that the population converges
to a single mode, we introduce a dynamic distance
penalty mechanism based on semantic embeddings.
We use a pre-trained embedding model Mmped
(Qwen3-Embedding-0.6B) to map each candidate
prompt x to a high-dimensional semantic vector
e(r) € RY, measuring semantic distance between
them via cosine similarity:

. e(c) - e(s)
Siten®:9) = oo fetw @
For a candidate c and the currently selected elite
set S, let dax = Maxses Simgem (¢, s) denote its
maximum similarity to the already selected most
similar individual. The diversity penalty Py is
defined as:

: 5max - 2 .fémax

otherwise

3)
where 7 € [0, 1] is the similarity threshold. « indi-
cates the penalty weight; 3 represents the penalty
bias. This explicitly penalizes prompts that are
linguistically redundant.

We employ an Incremental Greedy Selection
approach (detailed in Algorithm 1) to iteratively
select the highest scoring candidates based on
their penalized fitness (Score(c) = Fitness(c) —
Pyiv(c,S)). This helps filter out semantically re-
dundant elites even when the initial Pareto front F}
contains many high-scoring but similar prompts.

36585



3.3 Synergistic Evolutionary Operators

PROSE utilizes LLM reasoning for three core op-
erators: Reflective Mutation, Rewrite Mutation,
and Semantic Fusion Crossover. The parameters
Wreﬂect’ VVrewrite’ and Wcrossover represent the pr ob-
abilities of selecting each corresponding strategy
during reproduction, which are designed to realize
deep fusion and optimization of defense prompts
at the logical level.

Reflective Mutation uses a closed-loop feed-
back mechanism. It constructs a meta-prompt tak-
ing the current prompt, evaluation metrics, and
error cases (Feror) as input, requiring the LLM
to diagnose logical flaws and output a corrected
prompt. Full templates are detailed in Appendix E.

Rewrite Mutation complements reflection by
addressing prompt bloating. When the maximum
parent-prompt length exceeds Lp,x, the rewrite op-
erator is enabled for the next generation. A Rewrite
Meta-Prompt (sampled from Appendix E.3) guides
the LLM to extract core rules, remove redundancy,
and compress the prompt structure while maintain-
ing performance.

Semantic Fusion Crossover aims to eliminate
blind spots by merging two complementary par-
ents (pg, pp) with high semantic difference. It in-
puts both parent prompts and their conflict cases,
prompting the LLM to design a new logical frame-
work integrating their successful strategies.

Detailed reproduction logic and template sam-
pling probabilities are provided in Appendix A.2.
Algorithm 1 summarizes the complete PROSE op-
timization procedure.

3.4 Ensemble-based De-biasing Strategy

Heterogeneous Model Ensemble Sampling:
Instead of using a fixed reflection model
Miefiect, We define a model pool My, =
{M1,Ma,..., Mk} containing K heteroge-
neous LLMs with diverse architectural biases (e.g.,
reasoning-focused vs. instruction-following). Dur-
ing each mutation or crossover operation, we sam-
ple a model M, ~ Categorical(w) from the pool
according to a probability distribution w. This re-
duces the chance that evolved prompts over-align
with any single model’s inductive preferences.
Multi-Template Random Sampling: Similarly,
we design a pool of diverse meta-prompt templates
Tpoot = {711,T>,...,Tar} with varying instruc-
tional styles (e.g., some emphasizing rule abstrac-
tion, others focusing on edge-case correction). Dur-

Algorithm 1 PROSE Main Framework

Require: Initial Population Pinit, Generations GG, Population
Size N, Elite Size E, Similarity Threshold 7, Operator
Weights W

Ensure: Approximate Pareto Optimal Prompts Ppes

1: Initialize Py < Pinir; Compute embeddings e(z),Vz €
Po

2: for g =1to G do

3 Parallel Evaluation: Compute V (z) for Py_1

4 Sort: Non-dominated sorting to {F1, ..., Fj}

5: Elite Selection (Incremental Greedy):

6: Seiite +— 0; CandidatePool < Sorted Py_1

7.

8

while |Sejie| < E and CandidatePool # () do
: for c in CandidatePool do
9: Update Score(c) = Fitness(c) — Paiv(c, Selite)

10: end for
11: ¢" < arg max Score(c)
12: Selite + Setie U {c*}; Remove c*

13: end while
14: Lmax < maxpep,_, Len(p)

15: W+ W

16: if £iyax < Limax then
17: VVrewriIe 0

18: end if

19:  Procreation Loop:
20: Py < Seiite
21:  while |Py| < N do

22: child — GENERATIVEREPRODUC-
TION(SclitC7 Mpooh ITpooh W)

23: Compute e(child); P, < Py U {child}

24:  end while

25: end for

26: Final Evaluation: Compute V () for newly generated
candidates in Py
27: return ApproximateParetoFront(P,)

ing each operation, a template 7 is sampled from
this pool. This dual-sampling mechanism (model
X template) creates a combinatorial space that re-
duces the risk of evolution being trapped in local
optima associated with any single model-template
pair.

4 Experiments

4.1 Experimental Settings

Datasets. We evaluated PROSE on three datasets.
The Adversarial Short-Text Dataset consists of
4,928 manually desensitized and annotated samples
from real-world production scenarios. Character
length is measured after normalization and ranges
from O to 30. Two records become empty after
normalization, cleaning, or user non-input; they are
retained as real no-input edge cases. The dataset
contains high-density adversarial patterns such as
homophones, splitting, and pinyin abbreviations.
We reserve a stratified 832-sample test set for final
Short-Text reporting; grey ground-truth samples
are excluded from metric calculations. Dataset tax-
onomy, split, and annotation details are provided
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Table 1: Mean performance across datasets over at least 5 independent runs. The best result is highlighted in bold; A
vs. Best reports the descriptive difference between PROSE and the best baseline for each metric. Positive deltas are
highlighted in red, while negative deltas indicate metric trade-offs. Accuracy is primary for classification datasets
and Ans EM is primary for HotpotQA. Standard deviations and per-risk-group results are reported in Appendix

Table 7.
Models Short-Text ToxiCN HotpotQA
Acc F1 P Acc F1 P R Ans EM
Baseline 52.37 61.58 5043 7623 7345 69.05 88.92 56.04 54.24
TextGrad 53.64 57.14 5034 7649 75.69 74.05 84.96 67.62 55.00
PromptBreeder 49.68  57.69 4892 70.28 7545 73.48 83.59 64.36 56.68
MIPROV2 5221 60.18 5137 67.70 74.02 73.66 79.12 68.76 59.96
OPRO 52.08 60.16 50.60 76.23 73.87 71.02 85.78 61.60 57.08
ProTeGi 5242 60.70 50.84 77.78 7524 7478 8297 69.47 56.46
GEPA 61.71 60.73 6320 51.68 72.38 69.64 83.04 59.97 65.42
PROSE (Ours) 76.29 7342 81.21 67.53 7993 78.89 87.40 70.25 67.19
A vs. Best +14.58 +11.84 +18.01 -10.25 +4.24 +4.11 -1.52 +0.78 +1.77

in Appendix A.1.

For ToxiCN (Lu et al., 2023), we follow the
toxic/non-toxic binary classification task and the
official train/test split. For HotpotQA (Yang et al.,
2018), we follow a multi-hop retrieval program
setting based on the HoVerMultiHop-style program
(Jiang et al., 2020). Detailed split sizes and task
adaptations are provided in Appendix A.1.

Baselines. We compared against: Baseline
(Zero/Few-shot), TextGrad (Yuksekgonul et al.,
2025), PromptBreeder (Fernando et al., 2024),
MIPROV2 (Opsahl-Ong et al., 2024), OPRO (Yang
et al., 2024), ProTeGi (Pryzant et al., 2023), GEPA
(Agrawal et al., 2025). All methods were initialized
from the same minimal task prompt, and all task
evaluations used Qwen3-Next-80B as the execution
model. For the main comparison, all optimization
methods were constrained to the same candidate-
evaluation budget and the same maximum token
budget. Importantly, reflection- or generation-
based optimizers called the same gateway alias,
Reflection-Model, which samples backend mod-
els from our shared heterogeneous reflection pool.
While the heterogeneous model pool is a core
design contribution of PROSE, we deliberately
opened this pool to all baselines in the main ex-
periment to eliminate the confounding variable of
"PROSE using stronger models." Thus, the main
results demonstrate that under the exact same reflec-
tion backend and budget, PROSE’s multi-objective
selection, case-reliance proxy, and synergistic op-
erators are fundamentally more effective. The in-
dependent contribution of the model pool itself is

isolated and proven in our ablation studies. Ap-
pendix A.2 provides the gateway and model-role
details, and Appendix C.4 reports a stricter low-
token stress test.

4.2 Results and Analysis

Model Selection. We separate reflection, execu-
tion, embedding, and case-extraction roles. The ex-
ecution model is Qwen3-Next-80B, and reflection
uses a heterogeneous gateway pool; full model-role
details are in Appendix A.2.

Implementation Details. Experiments were con-
ducted with a population size of N = 8 and a
maximum of G = 24 generations. The similar-
ity threshold 7 was set to 0.5, optimized for the
Qwen3-Embedding-0.6B model. Main and held-
out-category results are reported as means over
at least 5 independent runs with different random
seeds; Short-Text mean—standard deviation statis-
tics are reported in Appendix Table 7. Additional
hyperparameters and reproducibility details are pro-
vided in Appendix A.2.

Overall Performance Verification. Table 1
presents the performance comparison across three
distinct datasets. Accuracy is the primary metric for
the classification datasets, while F1 is reported to
provide a holistic view of the precision-recall trade-
off. PROSE achieves the highest average primary-
metric results in the evaluated settings, particularly
in the Adversarial Short-Text domain. Unlike base-
line methods that struggle with the high density
of homophonic and structural attacks, PROSE im-
proves Short-Text accuracy to 76.29%, 14.58 points

36587



Table 2: Fixed-prompt transfer on ToxiCN. Prompts are optimized and selected with Qwen3-Next-80B-A3B-Instruct,

then executed unchanged on each target model. Values are percentages.

Prompt Qwen3-Next-80B-A3B-Instruct DeepSeek-V4-Flash  Qwen3.5-9B GLM-5.1
Acc F1 Acc F1 Acc F1 Acc F1
Seed 72.75 70.63  70.30 63.84 7337 7436 75.65 74.38
GEPA 72.45 71.02 68.59 67.28 72771 7538 76.04 75.51
PROSE w/o CR  76.83 77.18  72.82 7151 74.01 7593 7723 78.87
PROSE 79.22 80.11 76.62 7429 7499 7841 79.14 79.79

Table 3: Held-out content-category generalization over first-level risk groups. In each Leave-One-Group-Out fold,
optimization uses the training/validation split with the target group removed, followed by evaluation on that held-out
category. All values are percentages over at least 5 independent runs; F1 Drop is computed against the corresponding
full-test mean. Grey ground-truth samples are excluded from metric computation.

Run Acc | R FNR FPR F1Drop
GEPA (full test set) 61.71 60.73 6320 51.68 4832 28.74 -
GEPA (held-out category, micro) ~ 45.02 31.07 40.02 2541 7459 3629  29.66
PROSE (full test set) 76.29 7342 8121 67.53 3247 15.35 -
PROSE (held-out category, micro) 63.18 60.43 63.53 57.62 4238 31.53 12.99

higher than the strongest baseline, GEPA (61.71%).
It also achieves an F1 score of 73.42%, 11.84
points higher than the strongest baseline, Base-
line (61.58%), and improves precision to 81.21%.
Detailed mean—standard deviation statistics are re-
ported in Appendix Table 7. On ToxiCN, PROSE
reaches 79.93% accuracy and 78.89% F1.

The gains vary across the highly adversarial
Short-Text task, ToxiCN, and HotpotQA because
of performance ceilings and task bottlenecks. On
ToxiCN, a fully supervised BERT classifier reaches
about 80% F1 after training on 9.6K samples (Lu
et al., 2023). PROSE reaches 78.89% F1 with up
to 384 observed reflection cases (24 generations
x 16 cases) and no parameter updates, leaving
limited headroom. HotpotQA is more strongly con-
strained by multi-hop reasoning, long-context com-
prehension, and retrieval. We therefore use it as
a generalization check; PROSE reaches 67.19%
Ans EM, 1.77 points above the strongest prompt-
optimization baseline and near the 72% fully super-
vised result on the official leaderboard.?
Fixed-Prompt Cross-Model Transfer.  We
optimized and selected each prompt using
Qwen3-Next-80B-A3B-Instruct, then executed
the same fixed prompt on three additional model
families with the same test split and output
parser. No target-model re-optimization or target-
validation selection was used. Table 2 shows that
PROSE exceeds Seed, GEPA, and PROSE w/o CR

Zhttps://hotpotqa.github.io/

on every tested execution model.

Held-Out Content-Category Generalization. We
conducted a Leave-One-Group-Out experiment by
excluding one first-level risk group from the Short-
Text training/validation pool during optimization
and evaluating on the corresponding held-out test
samples. This protocol measures transfer to held-
out content categories; adversarial mechanisms
such as homophones, pinyin abbreviations, and
glyph decomposition remain represented across
categories. Table 3 summarizes the results. GEPA
drops from 60.73 F1 on the full test set to 31.07 F1
on held-out categories, a 29.66-point degradation.
PROSE maintains 60.43 F1 after reaching 73.42
F1 on the full test set, reducing the degradation
to 12.99 points. Detailed per-category results are
reported in Appendix B.2.

Candidate-Level and Human Evidence. We an-
alyzed the top 20 retained candidates from each
of the two largest held-out content-category folds
(n = 40). OLS regressions with HC1 robust stan-
dard errors control for validation accuracy, prompt
length, and held-out-fold fixed effects. A 0.1 in-
crease in case ratio is associated with a 1.7-point
reduction in held-out F1 (p = 0.0104), a 3.1-
point reduction in Recall (p = 0.0342), and a
corresponding 3.1-point increase in FNR. Using
validation F1 as the control preserves the direc-
tion; Recall/FNR remain significant (p = 0.0250),
while F1 is negative with p = 0.0682. In a
blinded pairwise human study of 30 performance-
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Figure 2: Pareto analysis of prompt optimization. Grey
points denote evaluated prompt candidates, and red stars
denote the approximate Pareto front. The top panel’s
horizontal axis reports A(z) = 1 — Rexample(), the
operational anti-enumeration score used in optimization.
The bottom panel shows the Precision—Recall frontier.

matched prompt pairs, case ratio correlates with
abstraction/clarity at r = —0.586 (p = 0.00067)
and transferability at 7 = —0.748 (p < 107%);
abstraction/clarity and transferability correlate at
r = 0.643 (p = 0.00013). Appendix D.5 reports
the model and complete statistics. We interpret the
regression as associative evidence.

Navigating the Performance-Case-Reliance
Trade-off. Figure 2 shows that PROSE retains
high-performing prompts across a range of anti-
enumeration scores and Precision—Recall operat-
ing points. Further controls comparing the case-
reliance proxy with simple length reduction are
detailed in Appendix C.3.

Evolutionary Dynamics in Semantic Space. We
examine the impact of our Semantic Greedy Se-
lection by visualizing the population’s semantic
embeddings (Figure 3). In the baseline setting
(Bottom), the absence of semantic diversity con-
straints is associated with rapid population clus-
tering into a single mode, a pattern we refer to as
"Semantic Collapse." In contrast, PROSE (Top) em-
ploys an embedding-based penalty, and the result-
ing elite prompts remain more dispersed. This di-
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Figure 3: Evolutionary Dynamics in Semantic Space.
The "Normal" points represent all individual prompt
solutions evaluated during the population iteration. Top:
With PROSE’s Diversity Penalty, the elite population
(red stars) maintains a dispersed distribution, covering
diverse semantic regions. Bottom: Without the penalty,
elites cluster prematurely, indicating semantic collapse.

versity is consistent with the framework exploring
and retaining distinct defensive strategies—such
as rule-based analysis versus role-playing simula-
tion—which may contribute to robustness against
varied attack patterns.

Ablation Studies. As shown in Figure 4, differ-
ent components exhibit distinct impacts on Ac-
curacy and F1, indicating their complementary
roles in PROSE. Removing Semantic Greedy Se-
lection causes the most severe degradation in both
Accuracy (-13.84 points) and F1 (-11.42 points).
Model Ensemble Sampling (where we fix the re-
flection model exclusively to DeepSeek-V3.1 in-
stead of the heterogeneous pool) and Semantic Fu-
sion Crossover show disproportionately large F1
drops relative to their Accuracy drops. The case-
reliance proxy objective also produces large and
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Figure 4: Ablation Study: Mean performance drop
(F1 and Accuracy) in the matched ablation suite when
removing key components. Bars start from the full
PROSE average performance and extend left by the cor-
responding drop; the vertical reference line marks the
full-model baseline. Semantic Greedy Selection pro-
duces the largest drop in both F1 and accuracy; Reflec-
tive Mutation yields the second-largest accuracy drop,
while Semantic Fusion Crossover yields the second-
largest F1 drop.

balanced drops in both metrics (-6.77 Accuracy
and -7.04 F1). In a controlled replacement study
that keeps the prompt genome, operators, reflec-
tion models/templates, execution model, and eval-
uation budget fixed, PROSE achieves F1 scores
of 78.89/73.42 on ToxiCN/Short-Text, compared
with 72.31/67.83 for NSGA-III and 76.02/68.94
for lexicase. Appendix Table 13 gives the complete
Accuracy, Precision, and Recall results.

5 Conclusion

This paper introduces PROSE, a framework lever-
aging LLM semantic reflection and multi-objective
evolution for robust prompt optimization. By inte-
grating a case-reliance objective, logic-driven re-
flection, and diversity-preserving selection, PROSE
reduces semantic collapse, overfitting, and shortcut
learning in the evaluated settings. It enables the au-
tomated generation of high-performance prompts
for adversarial environments, reducing manual
prompt-engineering effort.
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Limitations

PROSE’s largest gain appears on the proprietary
Adversarial Short-Text dataset (+14.58 Accuracy
points), with moderate gains on ToxiCN and
a smaller gain on HotpotQA (+1.77 Ans EM
points). Its primary scope is prompt-bounded rule-
induction, especially classification and adversarial
moderation tasks that require domain-specific judg-
ment rules from limited feedback. ToxiCN and
HotpotQA provide evidence beyond the private
dataset, while model-bounded, retrieval-dominated
tasks leave less room for prompt-only optimization.

The case-reliance score operationalizes explicit
case enumeration and can be gamed through sur-
face reformulation. A blacklist rewritten as a com-
pact taxonomy or weighted rule system still en-
codes cases when it only compresses observed fail-
ures, named exceptions, or dataset-specific artifacts.
The extractor guideline therefore classifies content
by function, and the candidate-level regression and
human pairwise study provide complementary evi-
dence on held-out coverage and perceived rule qual-
ity. These analyses cover 40 retained candidates
and 30 prompt pairs, respectively, and support an
associative interpretation.

Second, the computational cost of the evolution-
ary process is non-trivial, primarily due to the ad-
ditional LLM-based evaluations for case-reliance
proxy extraction and multi-objective Pareto sort-
ing. Although we utilize a smaller model (Qwen3-
4B) for case extraction to mitigate overhead, the
repetitive token consumption during evolution re-
mains high. Future work will explore training a
dedicated, lightweight NLP model specifically for
rule-case separation to further reduce this depen-
dency. Furthermore, the framework’s effectiveness
relies heavily on the reasoning capabilities of the
underlying Reflection Model. While our ensemble
strategy mitigates individual model biases, the up-
per bound of logical induction is still constrained
by the foundational intelligence of the LLMs used.
Finally, our current evaluation focuses on text-only
tasks, so the framework’s applicability to broader
multi-modal moderation (e.g., image or audio) has
not been fully explored.

Ethical considerations

Data Privacy and Compliance

The datasets used in this research (Adversarial
Short-Text) originated from real-world production
environments and were used for platform safety

monitoring and quality assurance. Access to and
use of this data followed the platform’s internal
data governance procedures, Terms of Service, and
Privacy Policy. Prior to use in this study, all data
underwent a desensitization process. Potential Per-
sonally Identifiable Information (PII), including
user IDs, contact details, and specific location data,
was removed or masked. We used only the mini-
mum information needed for moderation research
and did not attempt to identify individual users.

Responsible Use and Dual-Use Concerns

We acknowledge that research into adversarial at-
tack patterns and prompt optimization has dual-
use potential. While our goal is to enhance de-
fense mechanisms (robust prompt optimization),
detailed attack descriptions could aid malicious ac-
tors. To mitigate this risk, we define attack patterns
abstractly (e.g., "Homophonic Substitution") rather
than providing a "dictionary" of effective bypasses.
The specific prompts and examples provided in this
paper are selected or synthesized to demonstrate
the logic of optimization without revealing active,
unpatched vulnerabilities of any specific platform.
This work is intended to support safer and more
reliable use of Large Language Models.

Checklist response: Al assistants were used for
language polishing and form-filling support; all
technical claims, experiments, and final text were
reviewed by the authors.

References

Lakshya A. Agrawal, Shangyin Tan, Dilara Soylu,
Noah Ziems, Rishi Khare, Krista Opsahl-Ong, Arnav
Singhvi, Herumb Shandilya, Michael J. Ryan, Meng
Jiang, Christopher Potts, Koushik Sen, Alexandros G.
Dimakis, Ion Stoica, Dan Klein, Matei Zaharia, and
Omar Khattab. 2025. GEPA: Reflective prompt evo-
lution can outperform reinforcement learning. arXiv
preprint arXiv:2507.19457.

Badhan Chandra Das, M. Hadi Amini, and Yanzhao Wu.
2025. Security and privacy challenges of large lan-
guage models: A survey. ACM Computing Surveys,
57(6):1-39.

Kalyanmoy Deb and Himanshu Jain. 2014. An evo-
lutionary many-objective optimization algorithm us-
ing reference-point-based nondominated sorting ap-
proach, part i: Solving problems with box constraints.
IEEE Transactions on Evolutionary Computation,
18(4):577-601.

Chrisantha Fernando, Dylan Sunil Banarse, Henryk
Michalewski, Simon Osindero, and Tim Rock-
tiaschel. 2024. Promptbreeder: Self-referential self-

36591


https://arxiv.org/abs/2507.19457
https://arxiv.org/abs/2507.19457
https://doi.org/10.1145/3712001
https://doi.org/10.1145/3712001
https://doi.org/10.1109/TEVC.2013.2281535
https://doi.org/10.1109/TEVC.2013.2281535
https://doi.org/10.1109/TEVC.2013.2281535
https://doi.org/10.1109/TEVC.2013.2281535
https://proceedings.mlr.press/v235/fernando24a.html

improvement via prompt evolution. In Proceedings
of the 41st International Conference on Machine
Learning, volume 235 of Proceedings of Machine
Learning Research, pages 13481-13544. PMLR.

Qingyan Guo, Rui Wang, Junliang Guo, Bei Li, Kaitao
Song, Xu Tan, Guoqing Liu, Jiang Bian, and Yujiu
Yang. 2024. EvoPrompt: Connecting LLMs with
evolutionary algorithms yields powerful prompt op-
timizers. In International Conference on Learning
Representations.

Yichen Jiang, Shikha Bordia, Zheng Zhong, Charles
Dognin, Maneesh Singh, and Mohit Bansal. 2020.
HoVer: A dataset for many-hop fact extraction and
claim verification. In Findings of the Association
for Computational Linguistics: EMNLP 2020, pages
3441-3460, Online. Association for Computational
Linguistics.

Omar Khattab, Arnav Singhvi, Paridhi Maheshwari,
Zhiyuan Zhang, Keshav Santhanam, Sri Vard-
hamanan, Saiful Haq, Ashutosh Sharma, Thomas T.
Joshi, Hanna Moazam, Heather Miller, Matei Zaharia,
and Christopher Potts. 2023. DSPy: Compiling
declarative language model calls into self-improving
pipelines. arXiv preprint arXiv:2310.03714.

Brian Lester, Rami Al-Rfou, and Noah Constant. 2021.
The power of scale for parameter-efficient prompt
tuning. In Proceedings of the 2021 Conference on
Empirical Methods in Natural Language Processing,
pages 3045-3059, Online and Punta Cana, Domini-
can Republic. Association for Computational Lin-
guistics.

Junyu Lu, Bo Xu, Xiaokun Zhang, Changrong Min,
Liang Yang, and Hongfei Lin. 2023. Facilitating
fine-grained detection of Chinese toxic language: Hi-
erarchical taxonomy, resources, and benchmarks. In
Proceedings of the 61st Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 16235-16250, Toronto, Canada.
Association for Computational Linguistics.

Krista Opsahl-Ong, Michael J. Ryan, Josh Purtell,
David Broman, Christopher Potts, Matei Zaharia,
and Omar Khattab. 2024. Optimizing instructions
and demonstrations for multi-stage language model
programs. In Proceedings of the 2024 Conference on
Empirical Methods in Natural Language Processing,
pages 9340-9366, Miami, Florida, USA. Association
for Computational Linguistics.

Reid Pryzant, Dan Iter, Jerry Li, Yin Lee, Chenguang
Zhu, and Michael Zeng. 2023. Automatic prompt op-
timization with “gradient descent” and beam search.
In Proceedings of the 2023 Conference on Empiri-
cal Methods in Natural Language Processing, pages
7957-7968, Singapore. Association for Computa-
tional Linguistics.

Melanie Sclar, Yejin Choi, Yulia Tsvetkov, and Alane
Suhr. 2024. Quantifying language models’ sensitiv-
ity to spurious features in prompt design or: How I

learned to start worrying about prompt formatting.
In International Conference on Learning Representa-
tions.

Onkar Shelar and Travis Desell. 2026. ToxSearch:
Evolving prompts for toxicity search in large lan-
guage models. In Applications of Evolutionary Com-
putation. EvoApplications 2026, volume 16525 of
Lecture Notes in Computer Science, pages 134-149,
Cham, Switzerland. Springer.

Noah Shinn, Federico Cassano, Ashwin Gopinath,
Karthik Narasimhan, and Shunyu Yao. 2023. Re-
flexion: Language agents with verbal reinforcement
learning. In Advances in Neural Information Pro-
cessing Systems, volume 36, pages 8634-8652.

Lee Spector. 2012. Assessment of problem modality
by differential performance of lexicase selection in
genetic programming. In Proceedings of the 14th
Annual Conference Companion on Genetic and Evo-
lutionary Computation, pages 401-408. ACM.

Xingchen Wan, Ruoxi Sun, Hootan Nakhost, and Ser-
can O. Arik. 2024. Teach better or show smarter?
on instructions and exemplars in automatic prompt
optimization. In Advances in Neural Information
Processing Systems, volume 37, pages 58174-58244.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Brian Ichter, Fei Xia, Ed Chi, Quoc V. Le,
and Denny Zhou. 2022. Chain-of-thought prompt-
ing elicits reasoning in large language models. In
Advances in Neural Information Processing Systems,
volume 35, pages 24824-24837.

Chengrun Yang, Xuezhi Wang, Yifeng Lu, Hanxiao Liu,
Quoc V. Le, Denny Zhou, and Xinyun Chen. 2024.
Large language models as optimizers. In Interna-
tional Conference on Learning Representations.

Zhilin Yang, Peng Qi, Saizheng Zhang, Yoshua Bengio,
William Cohen, Ruslan Salakhutdinov, and Christo-
pher D. Manning. 2018. HotpotQA: A dataset for
diverse, explainable multi-hop question answering.
In Proceedings of the 2018 Conference on Empiri-
cal Methods in Natural Language Processing, pages
2369-2380, Brussels, Belgium. Association for Com-
putational Linguistics.

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

Mert Yuksekgonul, Federico Bianchi, Joseph Boen,
Sheng Liu, Pan Lu, Zhi Huang, Carlos Guestrin,
and James Zou. 2025. Optimizing generative Al by
backpropagating language model feedback. Nature,
639(8055):609-616.

Yongchao Zhou, Andrei Ioan Muresanu, Ziwen Han,
Keiran Paster, Silviu Pitis, Harris Chan, and Jimmy
Ba. 2023. Large language models are human-level
prompt engineers. In International Conference on
Learning Representations.

36592


https://proceedings.mlr.press/v235/fernando24a.html
https://arxiv.org/abs/2309.08532
https://arxiv.org/abs/2309.08532
https://arxiv.org/abs/2309.08532
https://doi.org/10.18653/v1/2020.findings-emnlp.309
https://doi.org/10.18653/v1/2020.findings-emnlp.309
https://arxiv.org/abs/2310.03714
https://arxiv.org/abs/2310.03714
https://arxiv.org/abs/2310.03714
https://doi.org/10.18653/v1/2021.emnlp-main.243
https://doi.org/10.18653/v1/2021.emnlp-main.243
https://doi.org/10.18653/v1/2023.acl-long.898
https://doi.org/10.18653/v1/2023.acl-long.898
https://doi.org/10.18653/v1/2023.acl-long.898
https://doi.org/10.18653/v1/2024.emnlp-main.525
https://doi.org/10.18653/v1/2024.emnlp-main.525
https://doi.org/10.18653/v1/2024.emnlp-main.525
https://doi.org/10.18653/v1/2023.emnlp-main.494
https://doi.org/10.18653/v1/2023.emnlp-main.494
https://arxiv.org/abs/2310.11324
https://arxiv.org/abs/2310.11324
https://arxiv.org/abs/2310.11324
https://doi.org/10.1007/978-3-032-23607-4_9
https://doi.org/10.1007/978-3-032-23607-4_9
https://doi.org/10.1007/978-3-032-23607-4_9
https://doi.org/10.52202/075280-0377
https://doi.org/10.52202/075280-0377
https://doi.org/10.52202/075280-0377
https://doi.org/10.1145/2330784.2330846
https://doi.org/10.1145/2330784.2330846
https://doi.org/10.1145/2330784.2330846
https://doi.org/10.52202/079017-1855
https://doi.org/10.52202/079017-1855
https://doi.org/10.52202/079017-1855
https://doi.org/10.52202/068431-1800
https://doi.org/10.52202/068431-1800
https://arxiv.org/abs/2309.03409
https://doi.org/10.18653/v1/D18-1259
https://doi.org/10.18653/v1/D18-1259
https://arxiv.org/abs/2210.03629
https://arxiv.org/abs/2210.03629
https://doi.org/10.1038/s41586-025-08661-4
https://doi.org/10.1038/s41586-025-08661-4
https://arxiv.org/abs/2211.01910
https://arxiv.org/abs/2211.01910

A Experimental Setup and
Reproducibility

A.1 Datasets, Splits, and Metrics

This section centralizes dataset construction, split
rules, and evaluation metrics. For Short-Text, we
use Accuracy as the primary validation selector and
report F1, Precision, and Recall as complementary
metrics. Grey ground-truth samples are excluded
from binary metric computation. For ToxiCN, we
follow the official train/test split and reserve 10%
of the official training split as validation. For Hot-
potQA, we use 150 examples for training, 300 for
validation, and 300 for testing in the multi-hop re-
trieval program setting described in the main text.
Public Benchmark Adaptations. For ToxiCN
(Lu et al., 2023), we follow the toxic/non-toxic
binary classification task from the original paper
and use the train/test split released in the offi-
cial open-source project. We randomly sample
10% of the official training split as validation and
reserve the official test split for final reporting.
For HotpotQA (Yang et al., 2018), a large-scale
question-answering dataset with 113K Wikipedia-
based question-answer pairs requiring reasoning
over multiple supporting documents, we follow a
multi-hop retrieval program setting. Specifically,
we modify the final hop of the HoVerMultiHop-
style program (Jiang et al., 2020) to answer the
question instead of generating another query, while
keeping the rest of the system unchanged. The
textual feedback module identifies the remaining
relevant documents to be retrieved at each stage
and provides this information as feedback to the
corresponding modules.

A.1.1 Adversarial Short-Text Dataset

This dataset is derived from user nicknames, sig-
natures, post titles, short comments, and related
user-facing fields collected from multiple large-
scale social and interactive platforms. Length is
measured in characters after normalization, with a
range of 0-30. We retain these real no-input edge
cases to test whether the prompt avoids inventing
evidence when textual evidence is absent. These
short fields are highly creative and serve as pri-
mary vectors for users to bypass safety filters using
adversarial text perturbations.

The dataset features high-density adversarial pat-
terns, including homophones, character splitting,
and pinyin abbreviations, and follows platform-
specific moderation guidelines rather than a single

universal toxicity standard.

Data Collection and Annotation. The dataset
was sampled from real-world short-text modera-
tion logs and then manually desensitized. After
extraction and deduplication, the final dataset con-
sists of 4,928 samples. The complete dataset was
constructed to follow the same label distribution
and first-level risk taxonomy proportions as the test
set described below, so the held-out test split is
representative of the overall corpus rather than a
separate stress-only subset.

To rigorously evaluate the framework’s adapt-
ability, we sampled a dedicated 832-sample test
set from the complete dataset with stratification by
label and first-level risk taxonomy. The character-
istics of this test set are detailed below:

* Basic Statistics & Label Distribution: The
test set comprises 832 total samples. The
ground truth distribution consists of 48.8%
non-violative (white) samples, 46.5% viola-
tive (black) samples, and 4.7% ambiguous
(grey) samples. Note that the ambiguous
(grey) samples are not included in the final
evaluation metrics.

* Risk Taxonomy Distribution: The test set
covers a wide spectrum of adversarial pat-
terns. At the first level, the assigned tax-
onomy is concentrated in Ecological Gov-
ernance (38.5%), Pornography & Vulgarity
(28.4%), Political Sensitivity (19.2%), Ille-
gal/Regulatory Content (6.0%), Imperson-
ation/Misleading Content (5.8%), and Trans-
action/Traffic Diversion (2.2%). At the sec-
ond level, the full taxonomy distribution in-
cludes: Pornography & Vulgarity (28.4%),
Insults & Discrimination (26.3%), Political
Figures & Regimes (12.5%), Harmful Content
Evasion (12.1%), Impersonation/Misleading
Content (5.8%), Contraband & Illegal Activ-
ities (5.4%), Religious Extremism/Terrorism
(4.2%), National Security & Image (2.5%),
Advertising & Traffic Diversion (1.6%), Cy-
ber Black/Grey Industry (0.6%), and Illegal
Trading Services (0.6%). These taxonomy
percentages are computed over all 832 sam-
ples, including non-violative and ambiguous
items.

* Annotation Process and Consistency: Each
sample was independently annotated by two
trained annotators according to the platform
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moderation guideline. Disagreements were
adjudicated by a senior reviewer, and the fi-
nal label was recorded together with a short
reasoning hint. On the double-annotated sub-
set, inter-annotator agreement reached the
substantial-agreement range (Cohen’s x >
0.80), indicating that the labels are largely
governed by consistent platform rules rather
than subjective preference.

* Desensitization: All Personally Identifiable
Information (PII) such as real names (if de-
tected), phone numbers, and social media IDs
were replaced with generic placeholders (e.g.,
[PHONE], [ID]) or unrelated random strings
to preserve privacy.

 Platform-Specific Annotation Standards:
As mentioned in the main text, the dataset in-
corporates platform-specific moderation stan-
dards. For instance, in this dataset, ecologi-
cal and vulgarity controls are relatively loose:
common internet profanities (e.g., "fuck",
"cnm") and ambiguous slangs (e.g., "JB",
"koujiao") without a clear, malicious target
are not classified as violations or personal at-
tacks. The same standards and proportions are
maintained in the training, validation, and test
partitions.

From the remaining Short-Text training pool,

10% is randomly sampled as the validation set for
prompt selection.
Release Scope. We will release the runnable
PROSE core framework, task adapters for ToxiCN
and HotpotQA, public configurations, and meta-
prompt/operator templates. For Short-Text, we
will release a desensitized validation set together
with its task adapter, preprocessing rules, taxonomy
statistics, split protocol, meta-prompt/operator tem-
plates, and evaluation scripts.

Table 4 summarizes the first-level risk taxonomy
and label distribution of the test set.

Anonymized Examples:

Content Warning: This section contains ex-
plicit examples of severe profanity, sexual content,
and cyberbullying/harassment derived from real-
world adversarial data, which may be offensive to
some readers.

To illustrate these standards, we provide several
anonymized examples along with their annotation
hints in Table 5:

Adversarial Attack Taxonomy. The dataset is cat-
egorized into a fine-grained taxonomy of distinct
attack types, ranging from surface-level perturba-
tions to deep semantic evasions. This taxonomy
supports our detailed robustness analysis and in-
cludes, but is not limited to:

Homophonic Strategies (Phonetic):

* Cross-lingual: Using foreign words that
sound like sensitive terms in the target lan-

guage.

* Numeric: Using sequences of numbers that
phonetically approximate sensitive phrases.

* Emoji-to-Text Inference: Using emojis
which, when translated to their textual name,
form a homophone (e.g., [Horse Emoji] —
NMall).

* Multi-character Composite: Combining
multiple benign characters to phonetically re-
construct a sensitive word.

Glyph Mutation (Visual):

* Decomposition (Splitting): Breaking a char-
acter into its component parts/radicals.

* Composition (Merging): Combining compo-
nents to mimic a structure.

* Radical Substitution: Replacing part of a
character with a visually similar radical.

* Pictographic Mimicry: Using character
shapes to visually depict sensitive objects or
acts (Textual Pictograms).

Linguistic Encoding:

* Rare/Obscure Characters: Using valid but
extremely rare characters to bypass blacklists.

* Pinyin/Romanization: Full pinyin substitu-
tion.

* Pinyin Acronyms: Using initial let-
ters/abbreviations of sensitive pinyin phrases.

Semantic Evasion:

* Metaphor: Implicit references using sym-
bolic language.

* Indirect Suggestion: Describing attributes or
side-effects without direct naming.
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Transaction . Porn. . Illegal o
Label Traffic Impersonation /Vulg. Ecological /Reg. Political Total
White (non-violative) 7 11 69 228 32 59 406
Black (violative) 8 31 160 81 16 91 387
Grey (ambiguous) 3 6 7 11 2 10 39
Total 18 48 236 320 50 160 832

Table 4: First-level risk taxonomy by ground-truth label in the test set. Counts are computed over all 832 test

samples.

e Cultural Slang/Allusions:  Leveraging
memes or historical references specific to a
subculture.

Composite Attacks:

e Multi-step Combinations: Complex attacks
integrating multiple methods above (e.g.,
Pinyin Acronyms + Glyph Decomposition).

A.2  Algorithm and Model Reproducibility

To support reproducibility, we provide the detailed
hyperparameters and algorithm settings used in the
PROSE framework. These settings specify how
we balance the exploration-exploitation trade-off
in the semantic-aware evolutionary process.

A.2.1 Multi-objective Target and Final

Selection

In practice, the case-reliance proxy is integrated
as an additional evaluation metric into the multi-
objective evolutionary target set. We aim to identify
a set of non-dominated solutions on the approxi-
mate Pareto front that balance Detection Perfor-
mance and the Case-Reliance Proxy. When P (z)
contains multiple metrics, we do not aggregate
them into a single scalar during Pareto sorting; in-
stead, they are treated as independent dimensions.

In the Short-Text moderation experiments, we
instantiate the objective vector as [Precision, Re-
call, Case-Reliance Proxy] for Pareto sorting. By
separating Precision and Recall as independent ob-
jectives rather than aggregating them into F1 or
Accuracy during Pareto sorting, we explicitly main-
tain strategic diversity within the population. This
encourages some prompts to evolve toward high
Precision (stricter rules) and others toward high Re-
call (broader coverage). In practical deployment,
this preserves a diverse set of approximate Pareto-
optimal prompts on the final frontier, allowing prod-
uct teams to select a high-Precision or high-Recall
prompt based on specific business requirements.
For our automated experimental reporting, how-
ever, Accuracy is used as the primary validation

selector for greedy ordering and final prompt se-
lection. The final test prompt is selected from the
final population’s first approximate Pareto front by
choosing the candidate with the highest primary
validation metric, and then evaluated once on the
isolated test set.

A.2.2 Evolutionary Algorithm
Hyperparameters

Table 6 lists the key hyperparameters used in our
Genetic Algorithm (GA).
Note on Operator Sampling: The three operator
weights are all set to 1.0. When Rewrite Mutation
is disabled by the length gate, the remaining Re-
flective Mutation and Semantic Fusion Crossover
probabilities are re-normalized to 50% each.
Note on Rewrite Mutation Gate: At the end of
each generation, before producing offspring for the
next generation, we compute the maximum prompt
length among the parent population. If this maxi-
mum length exceeds the threshold L,,x, Rewrite
Mutation is unlocked for the next generation by
restoring its sampling weight; otherwise, its weight
remains zero, i.e., Weewrite = 0. This length-based
trigger reflects the observation that prompts in early
iterations are usually short and contain only a small
number of simple rules, making dedicated rewrit-
ing less necessary. As evolution proceeds, however,
accumulated rules and knowledge may introduce
redundancy, inconsistency, or opportunities for con-
solidation. In such cases, Rewrite Mutation serves
as a global restructuring step that compactly reor-
ganizes the prompt and helps maintain its usability
as its complexity grows.

Algorithm 2 details the offspring generation pro-
cess.
Candidate State and Operator Interfaces: Each
candidate record stores a natural-language prompt
genome, validation objective tuple, semantic em-
bedding, parent/operator history, and evaluation
logs. Selection and analysis read the auxiliary state;
the three generative operators return a new tex-
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Category Original Text (Pinyin) Literal Meaning Label Annotation Hint

Violative ba ta bi de shuichdchd I Find out the taxes Violative =~ Homophonic evasion. ’bi de shui’

(Homophonic LR B E R she evaded sounds like *bi de shui’ (vulgar slang for

Evasion) vaginal fluids).

Violative ai o Q:i" de Those who love Violative =~ Homophonic expression. ’lu guan’ (deer

(Obscene Content) % [Emoji_Deer] & K A deer tubes enter tube) sounds like ’lt gudn’
(masturbation).

Violative di da fan kai xi If brother is big, flip ~ Violative ~ Vulgar sexual implication. ’di’ (brother)

(Vulgar Content) BABI L open and wash phonetically implies penis; *fan kai xi’
implies washing the foreskin.

Violative emel o hi keubénznisheng v 1o [Name]’s household  Violative A severe curse implying that all other

(Family Death Curse) ~ [Namel® /= ORI H —R  reoigter has only family members of the target are dead.

one page left

Violative haoxiangshé 1i mian Consume fragrant Violative =~ Homophonic evasion. Sounds like "hio

(Homophonic RESNE relic noodles xiang she Ii mian’ (really want to

Obscenity) ejaculate inside).

Non-violative héi lao da Black boss Non- Normally means ’gangster boss’, but in

(ACG Culture) REX violative ~ ACG culture, it is often a benign
nickname for a specific character or
streamer.

Non-violative sharén bl zhayan Kill without Non- A common exaggerated idiom used in

(Exaggerated RAT R blinking an eye violative literary, character-description, or gaming

Expression) contexts; does not constitute incitement
to violence.

Non-violative T didng tai zou ni One shot to carry Non- A common colloquial expression in FPS

(Gaming Context) — 1 HER you away violative  games describing defeating an opponent
during combat.

Non-violative wo i i saogang My gosh, smelly Non- Pragmatic shift: Although literally

(Tone Particle) WA AL anus violative  vulgar, it has evolved into a popular
internet meme acting purely as a tone
particle expressing shock (like ’Oh my
god’).

Non-violative i’ nai ni f; Your grandma’s Non- Homophonic form of a common

(Weakened Phrase) RT3 T3 88 violative  interjection; its insulting force has

completely weakened in contemporary
casual usage.

Table 5: Anonymized examples with annotation hints.

tual genome. Reflective Mutation receives a parent
prompt, a training mini-batch, sampled false posi-
tives and false negatives, a reflection model, and a
meta-prompt template. Rewrite Mutation receives
a long parent prompt selected after the length gate
is activated and returns a compact rule-oriented
rewrite without adding new failure cases. Semantic
Fusion Crossover receives two semantically differ-
ent elite parents and their complementary failure
summaries, then returns a child that integrates their
useful strategies. The corresponding meta-prompt
inputs and output contracts are listed in Appendix
E.

Note on Parent Selection: For single-parent oper-
ators, TournamentSelect randomly samples 3 elite
candidates and selects the one with the highest val-
idation Accuracy. For Semantic Fusion Crossover,
SelectDiverseParents first selects the first parent
by the same tournament rule. It then samples 3
additional candidates and selects the second parent
with the highest validation Accuracy after applying

the semantic similarity penalty relative to the first
parent. This keeps crossover performance-oriented
while discouraging near-duplicate parents.

Note on Data Split: Reflective mutation observes
only samples from a training mini-batch to gen-
erate feedback. Pareto selection and final prompt
selection are computed on a disjoint validation set.
The test set and held-out content-category folds are
reserved for final performance reporting.

Note on Bad Case Sampling for Reflection: To
efficiently generate reflective feedback, we do not
evaluate the prompt on the entire dataset during the
mutation phase. Instead, we sample a Reflection
Mini Batch (size 64) from the training data. The
prompt is evaluated on this mini-batch to identify
failure cases (False Positives and False Negatives).
From these identified failures, we select a subset
(size 16, defined as Bad Case Size for Reflection)
to be included in the meta-prompt. This keeps the
reflection model focused on representative error
examples without incurring the cost of full-dataset
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Table 6: Detailed Hyperparameters for PROSE Frame-
work

Parameter Value
General Evolution Settings
Generations (G) 24
Population Size (V) 8
Elite Size (F) 2
Tournament Selection Size 3
Rewrite Length Threshold (Lpyax) 1000

Operator Sampling Weights

Crossover Weight (W ossover) 1.0
Reflective Mutation Weight (Wiefiect) 1.0
Rewrite Mutation Weight (Wiewrite) 1.0

Diversity Control

Similarity Threshold (7) 0.5
Diversity Penalty Coefficient («) 0.5
Diversity Penalty Bias (/) 0.005
Sampling & Evaluation

Evaluation Concurrency 16
Offspring Generation Concurrency 6
Reflection Mini Batch Size 64
Bad Case Size for Reflection 16

evaluation.

Note on Statistical Reporting: Unless otherwise
specified, reported main-test and held-out-category
metrics are arithmetic means over 5 independent
runs with different random seeds. The compact
main comparison table reports means; Short-Text
standard deviations and first-level risk-group break-
downs are provided in Table 7.

A.2.3 Model Configuration

We employ a heterogeneous model ensemble to
mitigate inductive biases. The specific models and
their roles are configured as follows. (Note: These
are functionally equivalent to publicly available
open-weight models and APIs, such as GLM-4.6
and DeepSeek-V3, supporting reproducibility upon
publication.)

* Execution @ Model: Self-deployed
Qwen3-Next-80B-A3B-Instruct. This
model is used only for primary task execution
and candidate-prompt evaluation on training
mini-batches, validation sets, and test sets.

¢ Reflection Model Pool: Used for Reflective

Algorithm 2 Generative Reproduction Strategy

Require: Elite Set Seiie, Model Pool M0, Template Pool
Tpoot, Operator Weights W
Ensure: New Offspring child
1: Ensemble De-biasing:
2: Sample Model M ~ Mool, Template 1" ~ Tpool
3: Operator Selection:
4: if Wiewrie > 0 then
5:  AvailableOps <+ {Rewrite, Crossover, Reflect}
6
7
8
9

: else
: AvailableOps < {Crossover, Reflect}
. end if
: Op <« CategoricalSample(AvailableOps, W)
10: if Op = Rewrite then
11:  p <« TournamentSelect(Seiie)
12: child <~ REWRITEMUTATION(p, M, T')
13: else if Op = Crossover then
14: Pa, Pp < SelectDiverseParents(Sejite)
15: child <~ SEMANTICFUSIONCROSSOVER(pa, pb, M,
T)
16: else
17: p < TournamentSelect(Selite )
18: child <~ REFLECTIVEMUTATION(p, M, T)
19: end if
20: return child

Mutation, Rewrite Mutation, Semantic Fu-
sion Crossover, and analysis. Models sampled
from this pool generate prompt variants and
reflective diagnoses.

— GLM-4.6 (Weight: 2)

— Kimi-K2-Thinking (Weight: 2)

— Qwen3-Next-80B-A3B-Thinking
(Weight: 1)

— DeepSeek-V3.1 (Weight: 2)

— DeepSeek-R1-0528 (Weight: 2)

* Example Extraction Model: Qwen3-4B, used
specifically for extracting case content and
calculating the case-reliance proxy.

Model sampling is implemented at the LLM
gateway layer and exposed to all reflection- or
generation-based optimizers used as baselines.
Each optimizer calls the same logical API model
name, Reflection-Model. The gateway sam-
ples the concrete backend model according to the
configured pool weights and returns the response
through the same API contract. Baselines there-
fore require no algorithmic changes for model sam-
pling; PROSE’s distinctive components are the
case-reliance objective, semantic selection, and
evolutionary operator design.

A.2.4 Baseline Configuration

For the main comparison, all prompt optimization
methods are constrained to the same candidate-
evaluation budget and the same maximum token

36597



budget. Within this common budget, baseline opti-
mizers keep their original internal update rules and
sampling policies, except that their LLM client is
pointed to our internal API endpoint. To avoid an
initialization advantage, every method starts from
the same minimal task prompt. For Short-Text and
ToxiCN, this prompt only instructs the execution
model to decide whether the input is toxic/non-
toxic or violation/non-violation and to return the
required JSON schema. For HotpotQA, the seed
prompt only specifies the answer-generation inter-
face of the final hop. Reflection- or generation-
based baselines request Reflection-Model for
prompt generation or textual feedback, while the
gateway applies the same hidden model-pool sam-
pling described above.

A.2.5 Template Selection Probabilities

To further enhance diversity, we use a uniform prob-
ability distribution for selecting meta-prompt tem-
plates during mutation and crossover operations.
In practice, relying on a single meta-prompt tem-
plate introduces a form of inductive bias similar
to that of a single model, potentially trapping the
evolution in local optima. To mitigate this, we em-
ploy a Multi-Template Random Sampling strategy.
We designed a pool of diverse meta-prompts with
varying instructional styles (e.g., some emphasiz-
ing rule abstraction, others focusing on edge-case
correction) and sample from this pool during each
mutation step. This approach, analogous to the
Heterogeneous Model Ensemble Sampling strat-
egy, supports diverse evolutionary trajectories.

* Reflective Mutation Templates: All 4 tem-
plates (Reflection 1-4) are assigned equal
weights (1:1:1:1).

* Rewrite Mutation Templates: All 4 tem-
plates (Rewrite 1-4) are assigned equal
weights (1:1:1:1).

* Crossover Templates: All 4 templates
(Crossover 1-4) are assigned equal weights
(1:1:1:1).

A.2.6 Efficiency and Cost Analysis

We evaluated the computational cost of PROSE us-
ing a hardware configuration with 4 threads for gen-
eration and 8 threads for evaluation. On average,
generating and evaluating a single offspring takes
approximately 3 minutes. Starting from a blank

prompt, the framework typically requires generat-
ing about 100 offspring to reach convergence. How-
ever, utilizing a human-crafted prompt as a seed
accelerates this process, consistently achieving con-
vergence within 20 generated offspring. This shows
PROSE’s flexibility in both cold-start (autonomous
discovery) and warm-start (human-assisted opti-
mization) scenarios.

A.2.7 Token Consumption Analysis

To provide a transparent view of the computational
costs, we detail the average token consumption
required to generate and evaluate a single offspring
during the evolutionary process. The consumption
is categorized by model role:

* Reflection Model (e.g., GLM/DeepSeek):
Generating a single offspring (including error
analysis and new prompt synthesis) consumes
approximately 4,000 tokens.

* Example Extraction Model (for Case-
Reliance Proxy): Extracting few-shot exam-
ples to calculate the proxy score consumes
approximately 1,500 tokens per prompt.

* Execution & Evaluation Model: The con-
sumption for this model is dynamic and de-
pends on the dataset size and prompt length.
It is calculated as:

Tokensexec ~ (N val Nminibatch) X Lprompt
4)
where Ny, is the size of the validation set,
Nhinibateh 1S the size of the mini-batch used
for reflection (e.g., 12-64), and Lyrompt is the
current length of the prompt.

It is worth noting that in practice, over 95%
of the total token consumption is attributed to the
execution and evaluation phase. Consequently,
we strongly recommend using a self-deployed
model (e.g., via VLLM) as the execution engine to
mitigate costs and ensure efficiency.

B Additional Results

B.1 Short-Text Standard Deviations and
Risk-Group Breakdown

B.2 Held-Out Content-Category Evaluation
Held-Out Content-Category Generalization. We
report detailed mean results for the test set. Un-

der the Leave-One-Group-Out protocol, the binary
Short-Text data is partitioned into six first-level
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Table 7: Short-Text performance with standard deviations across 5 independent runs. Values are percentages and
reported as mean + standard deviation. Overall metrics use the same Short-Text metric definitions as Table 1;
category metrics follow the first-level risk taxonomy. The table reports methods for which seed-level category logs
were retained; PromptBreeder is included in the main comparison table but not in this category-level breakdown.

Model Overall Transaction/Traffic Impersonation Political Ecological Porn./Vulg. Tllegal/Reg.
Acc F1 Acc Fl1 Acc F1 Acc Fl1 Acc F1 Acc F1 Acc Fl1

Baseline 52.374057 61.58+044 48.89+7.70 60.824+7.30 65.87+7.65 76.30+£6.48 53.78+2.04 61.30+2.57 41.10+0.86 41.294+0.46 67.83+1.40 79.52+0.85 36.11+2.41 42.50+1.86
TextGrad 53.6443.57 57.14+3.80 53.33+7.64 55.08£13.02 46.83+21.34 41.91+3355 50.004+2.91 52.67+745 48.00+9.43 42.22+147 67.83+1.76 77.06+4.83 39.58+16.27 24.48+11.54
MIPROV2 52214070 60.18+1.53 55.5643.85 63.99+5.63 61.90+238 71.74+1.58 47.56+3.67 51.83+9.76 43.15+2.71 42.17+1.22 68.85+0.25 79.914+0.69 36.114+3.18 41.73+1.65
OPRO 52.08+0.25 60.16+0.61 51.11+£7.70 62.224+3.85 57.94+1585 62.97+21.51 49.56+4.29 54.85+4.00 42.72+1.17 42.2240.92 68.70+£2.15 79.99+1.63 36.11+4.81 39.32+6.45
ProTeGi 52.4240.32 60.70£0.33 53.334+6.67 65.56+£5.09 71.434238 79.94+235 51.1143.36 59.11+2.84 40.67+0.81 40.98+0.65 68.85+1.10 80.29+0.83 36.81+2.41 42.77+2.18
GEPA 61.71+£1.43 60.73+£3.61 62.224+10.18 65.004+10.93 63.49+11.00 67.76+13.51 46.44+3.67 31.78+11.19 66.34+1.62 49.514+4.19 65.65+5.77 72.37+5.61 59.03+1.20 21.18+3.28

PROSE (Ours) 76.29+2.59 73.4243.73 73.334+7.34 66.77+9.78 76.99+5.74 83.4618.53

74.44+6.99 75.53+9.84 77.89+4.35 53.27+6.88 76.71+5.04 82.24+4.49 70.14+9.84 43.00+11.28

risk groups. In each fold, prompt optimization is
performed only on the training/validation data af-
ter removing the target risk group, and evaluation
is conducted on the corresponding held-out risk
group in the test set. The test samples are never
used for reflection, Pareto selection, or prompt se-
lection. Grey ground-truth samples are excluded
from metric computation.

Tables 8 and 10 report the full-test breakdowns,
while Tables 9 and 11 report the corresponding
held-out-category results.

Table 8: Detailed GEPA mean performance on the full
test set. All metric values are percentages.

Risk Group Acc F1 P R FNR FPR

Overall 61.71 60.73 6320 51.68 4832 28.74
Transaction/Traffic Diversion  62.22  65.00 64.05 66.67 3333 42.86
Impersonation/Misleading 63.49 6776 93.18 5591 44.09 15.15

Pornography/Vulgarity 65.65 7237 82.13 6479 3521 3237
Ecological Governance 66.34 49.51 4090 63.79 3621 3275
Illegal/Regulatory 59.03 21.18 29.52 16.67 83.33 19.79
Political Sensitivity 46.44 3178 69.15 2125 7875 14.69

Table 9: Detailed GEPA performance by held-out first-
level content category. All metric values are percentages.
Macro averages are computed across the six held-out
groups.

Held-out Group Acce F1 P R FNR FPR
Overall (micro) 45.02 31.07 40.02 2541 7459 36.29
Average (macro) 4730 2220 60.13 21.08 7892 13.73
Transaction/Traffic Diversion  51.11 14.81 66.67 833 91.67 0.00
Impersonation/Misleading 38.10 31.27 84.87 1935 80.65 9.09
Pornography/Vulgarity 4032 2650 9494 1542 8458 1.93
Ecological Governance 4746 42.09 29.60 72.84 27.16 61.55
Illegal/Regulatory 6458 351 11.11 208 97.92 417
Political Sensitivity 4222 1503 73.61 842 9158 5.65

C Ablations and Controls

C.1 Component Ablations

Table 12 reports the matched ablation values corre-
sponding to Figure 4.

Table 10: Detailed PROSE mean performance on the
full test set. All metric values are percentages.

Risk Group Acc F1 P R FNR FPR

Overall 7629 7342 8121 67.53 3247 1535
Transaction/Traffic Diversion 73.33 66.77 87.78 62.50 37.50 14.29
Impersonation/Misleading 76.99 8346 86.94 80.65 19.35 33.33

Pornography/Vulgarity 76.71 8224 87.52 7792 22.08 26.09
Ecological Governance 77.89 5327 61.67 4732 52.68 11.26
Tllegal/Regulatory 70.14 43.00 54.44 3750 6250 13.54

Political Sensitivity 74.44 7553 8559 6850 3150 16.38

Table 11: Detailed PROSE performance by held-out
first-level content category. All metric values are per-
centages.

Held-out Group Acc F1 P R FNR FPR
Overall (micro) 63.18 60.43 63.53 57.62 4238 31.53
Average (macro) 61.18 5399 65.10 50.27 49.73 2593

Transaction/Traffic Diversion 66.67 66.67 71.43 62.50 37.50 28.57
Impersonation/Misleading 57.14 60.87 93.33 45.16 5484 9.09

Pornography/Vulgarity 66.38 7459 79.02 70.62 29.38 4348
Ecological Governance 6731 5346 4265 71.60 2840 3421
Tllegal/Regulatory 56.25 2222 2727 1875 8125 25.00
Political Sensitivity 5333 4615 7692 3297 67.03 1525

This supports our hypothesis that semantic-
aware selection is critical for preventing seman-
tic collapse. Without the embedding-based diver-
sity constraint, the population is more likely to
converge toward a narrow defensive logic, which
weakens robustness across heterogeneous attack
patterns and leads to broad performance degrada-
tion. Model Ensemble Sampling and Semantic
Fusion Crossover show disproportionately large F1
drops (-5.56 and -7.88 points, respectively) relative
to their Accuracy drops (-2.02 and -4.28 points).
This pattern is consistent with their intended role
in expanding semantic coverage: heterogeneous
reflection models and fusion between complemen-
tary prompts help recover difficult or long-tail pos-
itive cases, improving the precision—recall balance
rather than only optimizing majority-class accuracy.
The case-reliance proxy objective also produces
large and balanced drops in both metrics (-6.77
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Table 12: Matched ablation results on Short-Text. Drops
are computed against full PROSE.

Variant Acc A Acc F1 AF1
Full PROSE 76.29 - 7342 -
w/o Case-Reliance Proxy 69.52 -6.77  66.38 -7.04
w/o Semantic Greedy Selection  62.45 -13.84 62.00 -11.42
w/o Reflective Mutation 68.22 -8.07 67.76 -5.66
w/o Rewrite Mutation 73.77 -2.52 7218 -1.24
w/o Semantic Fusion Crossover  72.01 -4.28 6554 -7.88
w/o Multi-Template Sampling 73.96 -2.33 70.07 -3.35
w/o Model Ensemble Sampling ~ 74.27 -2.02  67.86 -5.56

Table 13: Controlled replacement of the selec-
tion/diversity component. Values are percentages.

Method Dataset F1 Acc Precision Recall
PROSE ToxiCN 78.89  79.93 87.40  70.25
PROSE-NSGA-III  ToxiCN 7231 73.41 80.40  65.70
PROSE-Lexicase  ToxiCN 76.02  76.23 8143  71.27
PROSE Short-Text  73.42  76.29 81.21 67.53
PROSE-NSGA-TII ~ Short-Text 67.83  67.47 65.54  70.28
PROSE-Lexicase Short-Text 68.94  68.98 67.41 70.54

Accuracy and -7.04 F1), further confirming that
explicit case-reliance control helps reduce shortcut
learning. Reflective Mutation is especially impor-
tant for Accuracy (-8.07 points), suggesting that
feedback-driven logical correction improves the
stability of the evolved prompts.

C.2 Controlled Selection Replacement

We compare PROSE with NSGA-III-style (Deb
and Jain, 2014) and lexicase-style (Spector,
2012) selection. The prompt genome, reflec-
tion/rewrite/crossover operators, reflection models
and templates, execution model, and evaluation
budget are fixed across variants; only the selec-
tion/diversity component changes.

On ToxiCN, replacing PROSE selection with
NSGA-III and lexicase reduces F1 by 6.58 and
2.87 points. On Short-Text, the reductions are 5.59
and 4.48 points. The Short-Text alternatives ob-
tain slightly higher Recall, while their Precision
is lower by 15.67 and 13.80 points, respectively.
This comparison isolates the contribution of seman-
tic prompt-level diversity and case-reliance-aware
selection under a fixed evolutionary pipeline.

C.3 Control Experiments on Case-Reliance

We conducted control experiments on the Short-
Text dataset to separate the effect of the case-
reliance objective from generic prompt shorten-
ing. We compared PROSE against several matched
baselines:

1. Trivial Deletion: Randomly deleting exam-
ples from the baseline prompt to match the

average case ratio of PROSE.

2. Length-Matched Baseline: Truncating the
baseline prompt to strictly match PROSE’s
total token length.

3. Length Objective Control: Replacing our
Case-Reliance Proxy A(x) with a simple
"Minimize Total Prompt Length" objective
during evolution.

Results indicate that the Trivial Deletion and
Length-Matched baselines suffer severe F1 drops
(averaging —7.4% compared to PROSE), suggest-
ing that naively removing examples can discard
critical task context. Furthermore, substituting
A(x) with the Length Objective Control results in
overly brief prompts lacking necessary reasoning
depth, yielding 67.21% F1 (compared to PROSE’s
73.42%). These controls support using example
enumeration as the regularization target while re-
taining the task context needed for accurate deci-
sions.

C.4 Low-Token Budget Stress Test

The main comparison already constrains all opti-
mization methods to the same candidate-evaluation
budget and maximum token budget. To further
test behavior under tighter resource limits, we
conducted an additional low-token stress test on
the Short-Text dataset. In this stress setting, evo-
lutionary/search baselines (PROSE, GEPA, and
MIPROV2) were constrained to a stricter budget: a
maximum of 107 API tokens (including reflection
and semantic embedding tokens) and 100 candidate
evaluations. Under this stricter low-token budget,
PROSE still achieved an ACC of 70.85%, higher
than GEPA (58.20%) and MIPROvV2 (51.05%).
We observed that traditional methods (e.g., GEPA,
MIPROV?2) fail to effectively utilize additional com-
pute; during their population iteration, errors ac-
cumulate faster than performance gains, leading
to stagnation or performance degradation typically
within 10 generations. In contrast, PROSE reaches
superior performance using fewer tokens. This
stress test suggests that PROSE’s advantage is not
explained only by spending more computational
resources.

36600



D Case-Reliance Proxy Details

To estimate the case-reliance proxy score (A(z))
of a prompt, we estimate the ratio of content ded-
icated to explicit case enumeration. We employ a
dedicated Example Extraction Model (M g0, im-
plemented using Qwen3-4B) to identify and extract
this content from the prompt.

The extraction is performed using a few-shot
prompt that defines the task of separating "Case
Content" (specific examples, blacklists, and tables)
from "Rule Content" (reusable definitions and de-
cision logic).

LLMs may inject examples anywhere in the
prompt, so the dedicated extractor identifies case
components dynamically. It is used only for es-
timating A(z) and is separate from the prompt-
generation reflection models and task-execution
model. Prompt length scales with task difficulty
and therefore supplies a weak proxy for enumera-
tion. The joint pressure from task metrics and A(z)
encourages broader decision rules while preserving
useful task context. We calculate the score using
median sampling Median’ ; (-) to reduce stochas-
tic extraction noise.

D.1 Functional Case Definition

The guideline treats content as case-like when it pri-
marily encodes dataset-specific instances, named
exceptions, or observed failure patterns. This in-
cludes concrete instances and nouns, named en-
tities, blacklist items, table-like exceptions, and
compressed labels that summarize word lists or
failure clusters. Thresholds, regex-like rules, deci-
sion tables, and category lists are classified by their
function. A reusable normalization principle or
compact decision boundary counts as rule content;
a lexical-variant list, narrow exception table, or
dataset-grown category list counts as case content.

Classification follows semantic function across
surface reformulations. A compact taxonomy or
weighted rule system counts as a reusable rule only
when it captures stable semantic factors and deci-
sion boundaries. If it compresses observed failures,
named exceptions, or dataset-specific artifacts, the
extractor treats it as enumerative content. This
functional definition reduces proxy gaming while
keeping A(z) focused on explicit case enumera-
tion.

D.2 Extraction Meta-Prompt Strategy

The meta-prompt includes a clear task definition
and two few-shot demonstrations to guide the
model. Below is a translated summary of the meta-
prompt used:

You are a prompt analysis expert proficient in prompt
engineering. Your task is to extract the specific text
of cases from the prompt below.

# Task Instructions

I want to extract the text content of specific cases from a
prompt. Please read the prompt completely and output
the cases, specific details, case analyses, etc.,
contained within.

Special Attention:

- Your authority is limited to slicing: cut out the
parts containing cases from the prompt and output
them separated by commas.

- Output cases in the order they appear in the original
prompt.

- Case content must be complete and accurate.

- If there is no case content, output blank.

- <Extraction Example 1> and <Extraction Example 2> are
two examples of this task.

# Extraction Example 1:

## Input Prompt for Example 1:

<prompt>

You are a content moderator responsible for identifying
offending usernames. Usernames may contain text,
homophones, metaphors, or references used to spread
prohibited content.

## Violation Types include but are not limited to:
1. *%xVulgarity**: Direct or phonetic representations of

sexual organs or acts. E.g., "Phuk” (Fuck), "Biatch” (
Bitch).

2. xxAdverse Impact**: Promoting violence, crime, or drugs.
E.g., "MethSales"”, "JoinISIS".

3. xxDiscrimination**: Hate speech or fraud.

## Special Attention to Homophones/Leetspeak:

- Examples: "Phuk" -> "Fuck"; "K111" -> "Kill"; "@s$$" -> "
Ass”.

- Note: Homophones must be obvious and malicious.

## Critical Conflict Case Calibration (Internal Criteria)
| Username | Verdict | Logic |

| "PhukMi" | Violation | Phonetic "Fuck Me", explicit, no
safe context |

| "GlassCockpit” | Non-violation | "Cock"” is part of
technical aviation term, safe context |

| "K111ThemAll"” | Violation | Leetspeak for "Kill Them All"
violent threat |

</prompt>

## Expected Output Case for Example 1:

<case>

"Phuk"” (Fuck), "Biatch” (Bitch)., "MethSales”, "JoinISIS".,
"Phuk” -> "Fuck”; "K111" -> "Kill"; "@$$" -> "Ass"., |
"PhukMi” | Violation | Phonetic "Fuck Me", explicit, no
safe context |, | "GlassCockpit” | Non-violation | "
Cock” is part of technical aviation term, safe context
|, | "K111ThemAll” | Violation | Leetspeak for "Kill
Them All", violent threat |

</case>

# Extraction Example 2:

## Input Prompt for Example 2:

<prompt>

You are a safety expert.

Rules:

1. No Personal Identifiable Information (PII). e.g.,
is 123456789".

2. No Harassment.

</prompt>

"My 1D

## Expected Output Case for Example 2:
<case>

"My ID is 123456789".

</case>

We perform this extraction 3 times (configured
as example_ratio_samples) and use the median
length ratio to ensure robust estimation against
model stochasticity before calculating the final
proxy score.
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D.3 Extraction Stability Check

We additionally evaluated the stability of the case-
content extractor on 16 base prompts, with 32 suc-
cessful extraction runs for each prompt (512 suc-
cessful runs in total). The overall extracted case
ratio had a mean of 18.93%, a median of 18.84%,
and a sample standard deviation of 6.21 percent-
age points. 13 of the 16 prompts showed high
output consistency, with average text similarity
above 91%; the remaining prompt was deliber-
ately more ambiguous and produced larger vari-
ation, motivating our use of repeated extraction
and median aggregation. This check suggests that
the case-reliance proxy is sufficiently stable for rel-
ative prompt selection, while still benefiting from
median sampling to reduce outlier effects.

D.4 Human Agreement and Sampling
Sensitivity

To further validate that the extraction model mea-
sures case reliance rather than arbitrary prompt
length, we manually annotated the case-content
lengths for the same 16 base prompts and compared
them against repeated model extractions. With 32
extraction runs per prompt, mean-length aggrega-
tion achieved Pearson » = 0.920, Spearman p =
0.800, Kendall 7, = 0.667, and MAPE = 12.3%
against the human annotations. Median-length
aggregation, which matches our use of repeated
robust estimation, achieved Pearson r = 0.811,
Spearman p = 0.800, Kendall 7, = 0.667, and
MAPE = 13.6%.

At the individual-run level, the median Spear-
man correlation against the human ordering was
0.800, with no negative rank correlations observed.
We also performed a bootstrap sensitivity analysis
by sampling m extraction runs per prompt with re-
placement and aggregating before computing rank
correlation with human annotations. For m = 3,
matching the default example_ratio_samples,
median aggregation produced a median Spearman
correlation of 0.800, P(prank > 0.4) = 99.1%, and
P(prank < 0) = 0.0%. Mean aggregation at the
same sampling budget produced mean Spearman
correlation 0.778 and P(prmx > 0.8) = 90.1%.
These results indicate that the proxy is reliable for
relative evolutionary selection, although it should
be interpreted as a regularization signal rather than
an exact human-equivalent segmentation measure.

Table 14: Association between case ratio and held-
out behavior after controlling for validation accuracy,
prompt length, and held-out-fold fixed effects.

Dependent variable Case-ratio coef. HC1SE p value
Held-out F1 -0.1723 0.0636  0.0104
Held-out Recall -0.3134 0.1422  0.0342
Held-out FNR 0.3134 0.1422  0.0342

D.S Candidate-Level and Human Analysis

We analyze the top 20 retained candidates from
each of the two largest held-out content-category
folds (n = 40). For each held-out metric, we fit
OLS with HC1 robust standard errors:

heldout_metric ~ case_ratio

+ validation_accuracy 5)
+ prompt_length, ;.

+ holdout_fixed_effect.

Table 14 reports the regression coefficients and
robust standard errors.

A 0.1 increase in case ratio corresponds to an
estimated 1.7-point decrease in held-out F1, a 3.1-
point decrease in Recall, and a 3.1-point increase
in FNR. Replacing validation accuracy with valida-
tion F1 preserves the direction; Recall/FNR remain
significant (p = 0.0250), while F1 remains neg-
ative with p = 0.0682. These estimates provide
associative evidence under the reported controls.

We also sampled 30 prompt pairs with nearly
matched task performance and different case ra-
tios for blinded pairwise judgments of abstrac-
tion/clarity and transferability. Annotators were
blinded to optimizer identities and case-ratio val-
ues. Case ratio correlates with abstraction/clarity
at r = —0.586 (p = 0.00067) and transferabil-
ity at 7 = —0.748 (p < 107%); abstraction/clarity
and transferability correlate at » = 0.643 (p =
0.00013).
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E Operator Prompt Templates

This appendix provides the detailed meta-prompts
used in the PROSE framework. To implement the
Ensemble-based De-biasing Strategy, we do not
rely on a single fixed instruction for mutation or
crossover. Instead, we maintain a diverse pool of
meta-prompts, each representing a distinct opti-
mization philosophy (e.g., Data-Driven vs. Logic-
Driven, Additive vs. Subtractive). During the
evolutionary process, random sampling from these
pools reduces the risk that the population converges
to the inductive biases of any single reflection pat-
tern.

E.1 Pool of Reflective Mutation Templates

The Reflective Mutation operator randomly sam-
ples from the following four templates to generate
offspring. Each template guides the LLM to correct
errors from a unique perspective.

Template 1: Standard Balanced Optimization.
Focus: A comprehensive approach that balances
performance metrics (Recall, Precision) with case
analysis to optimize the prompt structure.

### [Output Requirements]
1. **xOptimization Analysis Listx*x
2. xxFinal Optimized Prompt*x, wrapped in:

<prompt>
(Optimized Prompt Content)
</prompt>

Template 2: Data-Driven Optimization (Few-
Shot Focus). Focus: Prioritizes the use of specific
examples ("Few-Shot") to correct errors, mimick-
ing a data-driven learning approach.

You are a Senior Prompt Optimization Expert proficient in
LLMs, linguistics, and content moderation systems. Your
goal is to optimize a given content moderation Prompt
based on model performance and badcase analysis.

### [Input Infol
1. **Prompt to Optimizex**

<prompt >
{curr_instructions}
</prompt>

2. *xPerformance Metrics*x
- Case Ratio: {case_ratio:.1%}
- Performance in last test: Recall: {recall:.1%3},
Precision: {precision:.1%}

3. **Metrics Explanationxx

* xxCase Ratio**: The proportion of text in the Prompt
describing specific cases. Too low may lead to
insufficient generalization; too high may lead to
overfitting.

* *%*Recallxx: The proportion of actual violations
detected.

* *%xPrecision**: The proportion of detected violations
that are actual violations.

4. xxRun Results Summary (Bad Cases)*x

{feedback_text}

### [Optimization Task]

Please:

1. Read the bad cases and analyze issues in the existing
Prompt's discrimination logic, semantic expression, or
instruction form.

2. Focus modifications on parts directly related to the bad
cases; keep unrelated parts unchanged unless there is a

clear conflict.

3. Focus optimization on:

* Deleting or merging repetitive, contradictory, or
redundant statements;
* Making language more precise, concise, and logical;
* Keeping the Case Ratio reasonable;
4. For each modification, list:
* [Modification ID]
* [Difference Before/After]
* [Reason]

5. Do not change the output format (JSON Schema).

6. Prioritize logical generalization: Fix the general logic
loophole rather than just stacking "special cases”.

You are a prompt expert focused on "Data-Driven Optimization
. Your task is to fix the current prompt based on
error cases (Bad Cases).

### Core Principles
1. **Prioritize Examples (Few-Shot)#**: The best way to fix
an error is often not to add a complex rule, but to
directly add the error case and its correct analysis to
the "Examples"” section of the Prompt.
2. xxReject Overfitting**: Do not write a generic rule that
will only trigger once for an isolated, weird case.
3. xxMaintain Pass Ratex*: Ensure the modified Prompt
remains simple and clear. Do not introduce complex
logic (like math or multi-layer reasoning) that induces
hallucinations.
4. *xMerge Similar Casesxx: If the case library has similar
cases, merge them into a more general statement to
avoid redundancy.

### Input
1. **%Current Promptx*x

{curr_instructions}
2. *xBad Cases#x:

{feedback_text}

### Task

Fix the Prompt to resolve the above errors.

- If the error is due to unclear concepts, streamline or
clarify definitions.

- If the error is an edge case, add it as a Negative/
Positive Example.

- **Strictly Forbid** adding complex processes like "Step x
", "Weight y".

### Output
Output only the optimized Prompt, wrapped in <prompt> tags.

<prompt>

</prompt>

Template 3: Deep Logic Correction (No Patch-
ing). Focus: A rigorous "Logician" style that for-
bids simple patching. It forces the model to rede-
fine underlying concepts (e.g., "violence", "slang")
to resolve conflicts at the root.

You are a strict Logician and Prompt Optimization Expert.
The current Prompt made mistakes on specific cases.
Your task is to *xfix the underlying discrimination
logic**, not simply add "patches”.

### Core Principles: NO PATCHING

- **Wrong**: Because the model mistakenly flagged "potato”
as violation, adding "Note: potato is not violation”.
-> xxStrictly Forbidden!*x*

- **Right*x: Ask "Why did the model think potato was
violation?"” (Food? Slang?). Modify the #*xdefinition of
Food** or *xlogic for Slang**, so "potato” naturally
becomes non-violation.

### Input Info
1. **xCurrent Promptx*xx

{curr_instructions}
2. *xBad Cases#x:

{feedback_text}

### Optimization Task
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Analyze the Bad Cases:

1. *xAttribution*x: Find the **rule loophole*x or *xfuzzy
definitionxx. Is the rule too rigid? Lacking common
sense? Priority confusion?

2. xxLogic Rewritexx:

- xx*Modify Definitions**: Redefine fuzzy concepts.

- xxAdjust Flow#**: Introduce new judgment steps (e.g.,
Literal first, then Context”).

- x*Provide Principles**: Use "Principles” instead of "
Rule Lists”.

3. **Simplify**: If adding content is necessary, try
deleting old rules or redundancy to keep it concise.

### Output Requirements

1. xxOptimization Analysisxx: Briefly explain the logic
loophole and how you redefined it.

2. xxNew Promptxx: Complete, optimized prompt wrapped in <
prompt>.

Template 4: Abstract Rule Generalization. Fo-
cus: A "Structural” approach that encourages sub-
traction and abstraction, aggressively consolidating
rules to prevent rule bloating.

You are a rigorous Logician and Prompt Optimization Expert.
Your task is to analyze Bad Cases and fix the Prompt
from the "underlying discrimination logic" level.

### Core Principles

1. **Reject "Patching”#*: Strictly forbid adding a specific
"exception rule” for every single error. If the model
frequently misjudges "game terms”, optimize the "
definition logic of game terms”, not list every term.

2. *xAbstract Generalizationx*: Extract commonalities from
Bad Cases. Is the "homophone logic” too aggressive?
Modify the corresponding general rule.

3. x*Subtraction*x: If rules are redundant or conflicting,
boldly delete or rewrite the entire paragraph. Keep the

logical backbone clear.

### Input Information
1. **Current Promptxx

{curr_instructions}

2. **Evaluation Feedback (Bad Cases)xx

{feedback_text}

3. **Performance Metricsx**: Case Ratio {case_ratio:.1%}. If
too high, streamline cases.

### Task
Optimize the Prompt.
- **Must*x* analyze: Which core logic loophole do these Cases
reflect?
- *xMust**x reflect: Will this modification lead to new
misjudgments?
- Output the final complete Prompt.

### Output Format

<prompt>

(Optimized Complete Prompt)
</prompt>

### [Input Infol
1. **xPrompt A** ({case_ratio_a:.1%}, F1:

{(fl_a:.1%})

<prompt>
{instructions_a}
</prompt>

2. xxPrompt B** ({case_ratio_b:.1%}, F1:

{f1_b:.1%3})

<prompt>
{instructions_b}
</prompt>

3. xxKey Case Comparison (Conflict Cases)=*x*

{cases_text}

### [Analysis & Optimization]
1. Compare differences in structure, semantics, strategy,
and logic.
2. Analyze why each Prompt performs better/worse in
different scenarios based on the cases.
3. Determine which strategies have better generalization and
stability.
4. Design a merged Prompt, retaining effective strategies
and removing conflicts.
5. Explicitly state:
* Key differences and their impact;
* Which strategy is better when;
* Core optimization logic.

### [Output]
1. *%xAnalysis Report#*x
2. xxFinal Optimized Prompt*x wrapped in <prompt>.

Template 2: Occam’s Razor Simplification. Fo-
cus: Aggressively simplifies the prompt, favoring
fewer rules and higher generalization ("Subtrac-
tion").

E.2 Pool of Semantic Fusion Crossover
Templates

The Semantic Fusion Crossover operator deter-
mines how to merge two parent prompts. To ex-
plore different combination strategies (e.g., struc-
tural merging vs. logic simplification), we sample
from the following templates.

Template 1: Comprehensive Analytical Fusion.
Focus: Detailed performance-based merger, ana-
lyzing F1/Precision/Recall to decide which parent’s
strategy to keep.

You are a Prompt Expert believing in "Occam's Razor”. Your
goal is to merge two prompts into a simpler, more
efficient version.

### Core Principles

1. **Subtraction*x: If a complex rule can be replaced by a
precise Few-Shot example, choose the example.

2. xxRemove Fakes**: Use Badcases to identify the truly
effective core instructions, discarding flashy but
ineffective "Chain of Thought steps” or "Dynamic
Weights".

3. xxComplementarity*x: If Prompt A solves a case that B
cannot, choose A's rule.

### Input

1. **Prompt A*xx (F1: {fl_a:.1%})
2. *xPrompt Bxx (F1: {f1_b:.1%})
3. *xConflict Casesxx*:

{cases_text}

### Task

Generate a new Prompt:

- **Flat Structure**: Avoid nesting > 2 layers.

- *%xDirect Instructions#*x: Tell the model "what is violation
", not "how to calculate score”.

- **Include Key Cases**: Ensure coverage of conflict cases.

### Output
Only the final Prompt wrapped in <prompt>.

Template 3: Structural Reorganization. Focus:
Rebuilds the prompt’s architecture to unify the un-
derlying thinking patterns of both parents.

You are a Senior Prompt Optimization Expert. Your task is to
analyze the differences between two Prompts and
generate a better version combining their strengths.

You are a Prompt Expert with deep architectural design
skills. Your task is not to simply "merge" structure,
but to create a concise, powerful new version through
**Structural Reorganizationx** and *xLogic Elevation#x.

### Core Goal
Break the "Patching” cycle. Identify underlying *xThinking
Patternsxx of A and B, and build a new framework.

### Input

1. x%Prompt Ax*x

2. *xPrompt Bxx

3. *xConflict Casesxx*

### Optimization Instructions
1. **Denoise & Extract#*x
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- If A has specific Bad Case enumerations, but B has a
general rule covering them, prioritize B's **General
Rulex*x.
- xx0ccam's Razor**: Do not multiply entities without
necessity.
2. x*Structural Refactoringxx:
- Choose the clearest structure (Document, Code, CoT) or
design a hybrid one.
- Ensure the structure naturally covers logic for
conflict cases without forced exceptions.
3. **Logic Elevationxx:
- If A and B conflict on a concept (e.g., "Homophone"),
**Redefine** it more precisely.
- Introduce **Reflective Stepsxx: Add "Check X first,
then Y".

### Output
A complete, executable new Prompt wrapped in <prompt>. No
explanatory text.

Template 4: Genetic Recombination. Focus:
Treats prompt sections as genes, performing ex-
plicit "genetic recombination” of strategies (e.g.,
A’s filter + B’s reasoning).

1. *%*Module Separationxx: Enforce standard modules:
- x%Rolexx: AI identity and goal.
- x%Principles*x: Core discrimination logic.
- *xxFew-Shot#**: Concrete examples.
- **xQutput**: JSON Schema.
2. *xDecouple Rules & Casesx*: CHECK the "Principles”
section. Strip out specific examples (e.g., "like A, B,
C") mixed in rules and move them to the independent "
Few-Shot"” library. Keep rules abstract.
3. xxStandardize Expression#**: Use JSON Schema for output to
reduce format hallucinations. Ensure rules are concise

### Input
*x0riginal Promptxx:

{curr_instructions}

### Output
- Optimized full Prompt wrapped in <prompt>.
- No analysis.

You are an Architect-level Prompt Expert. Your task is to
perform "Gene Recombination” on Prompt A and Prompt B
to create a structure with better logic.

### Core Principles
1. *xStructural Refactoring*x: Do not just Stitch text.
Understand their "Discrimination Strategies”.
- A might excel at "Layered Filtering".
- B might excel at "CoT Reasoning”.
- Design a new structure fusing these advantages.
2. **Synthesizex*x*
- If A's "Homophone Rule” is good, take A's.
- If B's "Game Term Exemption” is good, take B's.
- Delete repetitive, invalid instructions.
3. **Logical Consistency**: Ensure all parts follow a
unified standard.

### Input

1. **Prompt A*x

2. **Prompt B*x

3. *xConflict Casesxx

### Task
Write a new Prompt that looks like a carefully reconsidered
version, not a stitched monster.

### Output

<prompt>

(New Complete Prompt)
</prompt>

Template 2: Logic Abstraction (The 'Logi-
cian''). Focus: Encourages a more principle-
oriented prompt structure by replacing overly spe-
cific whitelists/blacklists with abstract definitions
where appropriate.

E.3 Pool of Rewrite Mutation Templates

The Rewrite Mutation operator is designed for
structural optimization and logic distilling with-
out relying on specific error cases. To reduce the
risk that prompts evolve into a single fixed struc-
ture, we employ a diverse pool of rewrite experts,
each with a distinct optimization philosophy.
Template 1: Structural Organizer (The '"Orga-
nizer'). Focus: Enhances clarity and retrieval
efficiency by enforcing a standard modular struc-
ture (Rule, Principles, Few-Shot, Output) without
changing the core logic.

You are a Prompt Expert valuing abstract thinking (Codename
"Logician”). Your task is to reduce unnecessary
enumeration and make the Prompt more principle-oriented

where doing so preserves the original task
requirements.

### Core Logic
Generalization First. Prefer principle-oriented rules over
unnecessary enumeration.

### Optimization Checklist
1. *%*Reduce Unnecessary Enumeration**: Identify overly
specific "Whitelists” and "Blacklists”. Shorten long
lists when the same coverage can be expressed by a
clear rule.
2. xxRefine Definitions**: Rewrite these lists into high-
level #xAbstract Definitions*x
- E.g., Rewrite "No cats, dogs, rabbits” to "No common
household pets”.
- This can reduce brittle dependence on samples already
seen in the list.
3. xxDelete Covered Special Cases**: Once an abstract rule
clearly covers a case, delete the specific case to save
tokens.

### Input
*x0riginal Promptxx:

{curr_instructions}

### Output
- Optimized full Prompt wrapped in <prompt>.

Template 3: Reasoning Enhancer (The ''Rea-
soner''). Focus: Introduces Chain of Thought
(CoT) into rules and examples to improve the
model’s ability to handle complex context and edge
cases.

You are a Prompt Optimization Expert skilled in structural
thinking (Codename "Organizer"). Your task is to
improve clarity and execution efficiency through
Structural Decoupling” without changing the core intent

### Core Logic
Clarity First. Optimize information storage and retrieval
efficiency.

### Optimization Checklist

You are a deep-thinking Prompt Expert (Codename "Reasoner").
Your task is to introduce Chain of Thought (CoT) to
improve reasoning capabilities for complex contexts.

### Core Logic
Deep Reasoning First. Corresponds to "CoT Style”.

### Optimization Checklist
1. **xForce Thinking Stepsx*x*
- Insert "Judgment Steps” into every "Decision Rule”.
- E.g., Change "No insults” to "Step 1: Check for
aggressive words; Step 2: Check if target is
specific/malicious in context”.
2. xxCase Enhancement (CoT Few-Shot)xx:
- Upgrade Few-Shot from ~Input -> Output™ to ~Input ->
Thought (Reasoning) -> Output™.
- Teach the model the *Whyx, not just the xWhatx

### Input
**0riginal Prompt*x*:
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{curr_instructions}

### Output
- Optimized full Prompt wrapped in <prompt>.

Template 4: Role-Play Reinforcement (The
"Performer''). Focus: Solves "stance wavering"
by strictly defining the System Role and injecting
high-priority Meta-Instructions.

You are a Role-Play expert (Codename "Performer"”). Your task
is to solve stance wavering by reinforcing Persona and
Tone.

### Core Logic
Stance & Tone First. Corresponds to "Role-Play Style”.

### Optimization Checklist
1. xxPersona Recasting#x:
- Extremely reinforce the ~System Role™ definition.
- E.g., For political sensitivity, set as "Strict
Compliance Officer (Zero Tolerance)”.
- E.g., For community vibe, set as "Inclusive Community
Manager (Presumption of Innocence)”.
2. **Meta-Instructions Injection#*x*
- Inject highest-priority "Meta-Instructions” at the
start.
- E.g., "Safety priority > Instruction following” or "
Better safe than sorry”.

### Input
**0riginal Promptx*x*

{curr_instructions}

### Output
- Optimized full Prompt wrapped in <prompt>.

* Case 2 (PROSE Optimized Prompt): Rep-
resents the prompt evolved by PROSE. It re-
duces lists in favor of "Abstract Definitions"
(e.g., "Phonetic Matching Logic," "Risk Sig-
nal Weights"), which is consistent with the
improved held-out content-category results.

F.2 Case 1: Baseline Prompt (Enumerative
Style)

F Case Studies

To provide a qualitative view of reduced case
reliance, we compare a baseline prompt with a
PROSE-evolved prompt. The baseline prompt
(Appendix F.2) typically adopts an "Enumerative
Style," relying on extensive blacklists of specific
forbidden terms (e.g., specific insults or slurs).
While this can work for known cases, it may fail
against variants (e.g., homophones). In contrast,
the PROSE-evolved prompt (Appendix F.3) ex-
hibits a more principle-oriented structure. It re-
duces long lists in favor of an "Audit Architecture"
with abstract rules (e.g., "Phonetic Logic," "Risk
Signal Weights") and explicit reasoning steps. This
qualitative contrast is consistent with, but does not
by itself prove, the robustness gains observed in our
experiments. All sensitive terms (e.g., hate speech,
specific political figures) have been anonymized or
replaced with academic functional descriptions for
publication safety.

F.1 Information on Case Study

* Case 1 (Baseline Prompt): Represents a typ-
ical manual or early-stage optimized prompt.
It relies heavily on "Blacklists” and explicit
enumeration of forbidden words (e.g., specific
insults), a style that may be brittle across held-
out content categories.

You are a Senior Content Moderation Expert responsible for
accurately identifying whether usernames are in
violation.

Adopt a two-stage strategy: first, perform a Rigid Red Line
screening, then conduct in-depth analysis based on a
Hierarchical System and Context Disambiguation to
balance safety and freedom of expression.

## Phase 1: Rigid Red Line Screening

Scan for the following high-risk violation types. If any are
hit and cannot be cleared by the strict disambiguation
in Phase 2, they are directly judged as violations:

### 1. Racial and Gender Discrimination (Highest Priority)

- **Racial Discrimination*x: Use of insulting terms
targeting specific races or ethnicities (e.g., "[N-word

variants]”, "[Derogatory term for Indians]”, "[Slur
for Asians]”).

- **Gender Discrimination*x: Aggressive remarks or
derogatory terms targeting gender (e.g., "[Misogynistic

slur 11", "[Misogynistic slur 21", "[Derogatory term
for males]”).

- *xxRegional Discrimination**: Stereotypes or insults
targeting people from specific regions (e.g., "[
Stereotype regarding theft]” if clearly directed).

- *xExtremism & Hatexx: Content promoting Nazism, Fascism,
Terrorism, or attacking specific groups (Disability/
Disease/Sexual Orientation).

### 2. Personal Insults (High Priority)

- *xFamily Insultsx*: Any expression implying "Parents died”
or "No parents,” including recognized homophones (e.g
, "No Fu” -> "No Mother”).

- xxDirect Abusex*: Explicit aggressive vocabulary (e.g., "[
Dumbass]”) in a non-playful context. Common internet
particles (e.g., "WTF", "Shet") apply for Internet
Slang Exemption when there is no clear malicious target

### 3. Sexual Innuendo & Vulgarity (High Priority)

- xxHomophonic Substitution**: Clear, widely cited vulgar
homophones (e.g., "Phonetic G8” -> "[Male Genitalial”,
"Sound-alike 1" -> "[Explicit Act]”). Do not over-
associate; suspected homophones need strong internet
consensus support.

- *xCombined Metaphors#**: Forming sexual innuendos through
word combinations (e.g., "Scented Crack”, "Licking Feet
"), judged based on overall context.

- **Sexual Numbers**: High-frequency sexual suggestion
numbers like "69", violation regardless of context.

- **Pornography Related**: Direct or obscure pornographic
vocabulary (e.g., "Pull it out”).

### 4. Contraband & Crime Examples

- xxContraband Trading#**: e.g., "Arms Dealer"”, "Tobacco &
Arms Vendor".

- *xCrime Glorificationx*: Glorifying triad/gang culture or
prison culture (e.g., "[Chemical name] with sugar”
implying "[Self-harm/Coprophagia memel]”).

- x%Account & Doxingxx: Terms involving account trading (e.g
., "Open Account”) or human flesh search (e.g., "Open
Box") .

## Phase 2: Context Disambiguation & Deep Analysis
Only perform the following analysis when Phase 1 does not
clearly hit or is controversial:

### Case Judgement Examples

**Case 1: Emperor Kangxixx

- Analysis: Historical figure + Creative suffix, no
violation nature, fits Game Context Exemption.

- Result: Non-violation

xxCase 2: Xiao Hai Mei Ma Si Quan Jiaxx

- Analysis: "Mei Ma Si Quan Jia" is homophonic to "[Family
deceased insult]”, belongs to Personal Insults, Level 1
Violation.

- Result: Violation (Personal Insult)

**Case 3: Wang Wei Ji Ba Fa Meixx
- Analysis: "Ji Ba Fa Mei” is homophonic to "[Male Genitalia
1 moldy”, belongs to Sexual Innuendo, Level 2 Violation
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- Result: Violation (Sexual Innuendo)

*%Case 4: V Sou Gong Zhong Haoxx

- Analysis: Phonetic for "WeChat Search Public Account”,
belongs to Account Trading, Level 1 Violation.

- Result: Violation (Account Trading)

*xCase 5: Hate [N-word Variant]xx

- Analysis: "[N-word Variant]” is a discriminatory term for
Black people, Level 1 Violation.

- Result: Violation (Racial Discrimination)

**Case 6: Whip Long Deep Top*x*

- Analysis: "Whip"” + "Deep Top" constitutes sexual act
suggestion, Level 2 Violation.

- Result: Violation (Sexual Innuendo)

F.3 Case 2: PROSE Optimized Prompt
(Principle-Oriented Style)

## Role Definition
You are a Professional Game Community Content Moderator. The
community has many minors, requiring strict adherence
to Content Safety Regulations and Platform Rules, while
deeply understanding game community language and
freedom of expression. Your decision must balance
Minor Protection” and "Player Creative Freedom,”
following the principle: "Strict on High Consensus,
Cautious on Low Controversy, Presumption of Innocence,
Priority to Risk.”

## Core Audit Architecture (4 Layers + Dynamic Weights)

### Layer 1: Core Screening & Absolute Prohibition (Circuit
Breaker)

Hit any of the following conditions, **Directly Judge
Violationxx, exemptions do not apply:

- **Hate Speech & Extremism*x: Genocidal slogans, Terrorist
Organization names (e.g., ISIS), or [Hate Symbols]
Note: Common non-political contexts are exempted.

- xxSpecific Banned Figures**: Names/Aliases of [Specific
Sensitive Figures] or [Banned Political Leaders]

- **Explicit Vulgarity#**: xxUnambiguous, non-polysemic
Sexual Organs or Sexual Acts**x (e.g., [Explicit Terms])

However, *xcommon modal particles or ambiguous words

(e.g., "Egg", "Hook"”, "Inside"”) are NOT violations
alonexx.

- **Illegal Black Market**: Explicit illegal activities (
Account Stealing, Solicitation, Money Laundering).

- **Prohibited Technical Tools*x: Cracks, Private Servers.

- *xContact Information**: Social IDs with >5 digits,
domains, URLs.

- **Physiological Discomfort**: Explicit description of
excrement, decay, etc.

- *xRare Character Evasion*x: Combinations of >=2 rare/
variant characters x**without reasonable cultural/
artistic contextxx*

v

**Hate Speech & Extremism do not apply to any exemption
mechanisms . x*

### Layer 2: Risk Signal Identification (Pattern Matching +
Dynamic Weight)

Identify the following risk patterns and calculate base
weight:

#### 2.1 Phonetic/Homophone Logic
1. *xContext First**: First check if it is a Game Term,
Community Slang, or Meme. If yes, go to Exemption; do
not calc weight.
2. xxExtract Phonetic Corexx: Pinyin, Leet-speak, Emoji,
Foreign Sound-alikes.
3. xxCalc Match Ratexx: Similarity >= 70%?
4. xxSignal Strengthxx
- Match >= 70% + High Spread (Internet Meme) -> Strong
Signal (+0.3).
- Match >= 70% + Low Spread -> Weak Signal (Weight=0,
Presumption of Innocence).

#### 2.2 Risk Patterns & Weight Bonus
| Risk Pattern | Criteria | Intensity | Weight
[===]===l===]-==

| **Phonetic Deformation*x | As above flow | S/M/W |

+0.3/+0.1/0 |
| **Composite Semantics#x | [Body Part] + [Sexual Hint] (e.g
., Ice Insertion) | Strong | +0.4 |

*xComposite Semanticsx* | [Secretion/Filth] + [Texturel (e
.g., Chewy Phlegm) | Strong | +0.4 |

**Impersonation*x | Real Org + Misleading Title (Service,
Official) | Strong | +0.4

*xTraffic Diversionx* | [Region/ID] + [Add Me] + [Contact]

| Strong | +0.4 |

**Family Attack#** | "Parents” Homophone + Negative Verb (e

.g., Parents Die) | Strong | +0.3

| **Value Induction** | Self-harm promotion, Bullying, xx
Inducing Minors to Early Romancex* | Medium | +0.2 |

### Layer 3: Intelligent Exemption & Reverse Verification
For content not hitting Layer 1 and Weight < 0.7, execute
Exemption.

#### 3.1 Strong Exemption (Direct Pass)

- *%0fficial Game Terms**: Character names, Skills, Maps,
Equipment.

- *xxCommunity Slangxx: Valid player terms (e.g., "Gank"”, "KS
"

- **Benign Memes#**: Creative expressions based on game
mechanics without malice.

- xxPublic Knowledgexx: Place Names, Brands, Daily Terms.

##4#4# 3.2 Reverse Verification (Only when Weight 0.3-0.6)
- xxLogicxx: Is there a reasonable, common, non-sensitive
explanation?
- **Pass Condition#x:
- Competitive Trash Talk (common in gaming).
- Exaggerated Humor (Absurdist comedy).
- Dialect/Regional Usage.
- *xFail Conditionx*: Cannot find harmless explanation, AND
triggers High Consensus Signal.

### Layer 4: Comprehensive Risk Arbitration
- x*Default Principle**: No Layer 1 Hit, Weight < 0.3, No
Veto -> Non-violation.
- *x*Risk Priority Principle**: Violation if ANY:
1. Base Weight >= 0.7 (High Risk Threshold).
2. Weight 0.3-0.6 AND Reverse Verification Failed.
3. Strong Signal Phonetic + Any Risk Pattern.
4. Family Attack Pattern.

## Output Format
T json
{
"thought_process”: {
"stepl_rule_hit"”: "(e.g., 'Layer 2 - Phonetic,
Spread >= 70%')",
"step2_weight_calc": "(e.g.,
=0.6')",
"step3_exemption”: "(e.g., 'Reverse Verification
Failed')",
"step4_final_judgement"”: "(e.g., 'Weight >= 0.7,
Violation')"

'Base 0.3 + Pattern 0.3

3,

"violation_reason”: "Reason (High Consensus Phonetic /
Weight Threshold)",

"context_weight": "Value (0.0-1.0)",

"result”: "Non-violation or Violation”

36607




