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001

Abstract002

Automatic prompt optimization is a practical003
alternative to fine-tuning for adapting large lan-004
guage models (LLMs), yet existing approaches005
often trade off signal quality against compu-006
tational cost. Methods that rely on genera-007
tive feedback can be informative but expen-008
sive to scale, while sampling-based optimiza-009
tion typically requires many evaluations and ex-010
hibits high variance. Even loss-driven prompt011
optimization remains limited by costly seg-012
ment attribution that scales with prompt length013
and by overfitting to a single evaluator, which014
weakens transfer across model families and015
domains. We propose Gradient-guided Multi-016
judge Prompt Optimization (GMPO), a scal-017
able framework that improves both efficiency018
and robustness. GMPO uses a first-order gra-019
dient approximation to score segment impor-020
tance in a continuous masking direction, re-021
quiring only one forward and one backward022
pass. GMPO further employs a generate multi-023
judge design in which candidate prompt edits024
are proposed by a generator and selected us-025
ing cross-entropy losses aggregated from mul-026
tiple lightweight judge models, reducing eval-027
uator bias and improving generalization. Ex-028
periments across math, reasoning, instruction-029
following evaluation, and safety robustness030
benchmarks demonstrate consistent gains with031
substantially lower optimization overhead. We032
will publicly release our code.033

034

1 Introduction035

Large language models (LLMs) have demonstrated036

strong zero-shot and few-shot generalization across037

reasoning, coding, and instruction following tasks,038

yet their behavior remains highly sensitive to039

prompt phrasing and structure. Small changes040

in instructions can lead to large variance in ac-041

curacy, faithfulness, and safety(Cao et al., 2024;042

Figure 1: Comparison of APO paradigms and our frame-
work: single-pass attribution and multi-judge loss im-
prove efficiency and robustness, enabling black-box gen-
erators.

Sclar et al., 2023). Consequently, prompting has 043

evolved from ad-hoc trial-and-error into a central 044

interface for controlling LLM capabilities. A se- 045

ries of prompting heuristics, including Chain-of- 046

Thought, Rephrase-and-Respond, and Step-Back 047

prompting, show that explicitly encouraging inter- 048

mediate reasoning or reformulation can substan- 049

tially improve performance on challenging bench- 050

marks (Wei et al., 2022; Deng et al., 2024a; Zheng 051

et al., 2023). However, these improvements are 052

typically handcrafted, task-specific, and difficult 053

to transfer across models, motivating automated 054

prompt optimization (APO) methods that can sys- 055

tematically search for effective prompts under lim- 056

ited budgets (Ramnath et al., 2025a). 057

In terms of methodology, existing APO ap- 058

proaches broadly fall into three paradigms. First, 059

Model-Guided Iterative Prompt Optimization meth- 060

ods use a generator model to iteratively propose 061

prompt revisions and refine them using feedback 062

such as self-critique, meta-optimization, or pair- 063

wise comparisons (Yang et al., 2023; Agarwal 064

et al., 2025; Xiang et al., 2025). While flexible, 065
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their optimization signals are often implicit and066

may require many iterative generations and eval-067

uations, leading to non-trivial cost and instability.068

Second, black-box search methods such as evolu-069

tionary algorithms treat prompts as discrete candi-070

dates and optimize task metrics over populations071

(Tong et al., 2025). These methods avoid subjec-072

tive self-judgment but typically require evaluating073

large numbers of variants, which increases compute074

and variance, especially on long prompts. Third,075

gradient-inspired and loss-based methods attempt076

to introduce more direct optimization signals. Tex-077

tual gradients can guide revisions without true back-078

propagation (Yuksekgonul et al., 2024), and prob-079

abilistic metric prompt optimization uses token-080

level cross-entropy as an explicit objective, improv-081

ing efficiency and objectivity (Zhao et al., 2025).082

Nevertheless, despite offering more explicit opti-083

mization signals, current loss-based frameworks084

often remain computationally demanding in prac-085

tice, can be brittle to design choices and evaluator086

assumptions, and are not always straightforward to087

combine with strong closed-source generators.088

To address these issues, we propose GMPO, an089

efficient and robust framework that combines first-090

order gradient attribution with multi-judge loss en-091

sembling. Our key idea is to obtain a first-order092

(local) estimate of segment importance via a Tay-093

lor expansion of the loss. Concretely, we compute094

the directional derivative of the loss when mov-095

ing a segment’s embeddings toward a mask em-096

bedding. This yields an importance score for all097

segments using a single forward-backward pass on098

judge models. These importance scores provide099

actionable rewrite guidance, enabling the genera-100

tor LLM to focus on the most influential segments101

and propose targeted revisions. Candidate prompts102

are then evaluated by an ensemble of open-source103

judge models via explicit cross-entropy losses, re-104

ducing evaluator-specific overfitting and improving105

cross-model robustness. This generator–evaluator106

decoupling enables us to exploit the creativity and107

linguistic coverage of black-box generators while108

retaining transparent, low-variance, loss-based eval-109

uation on accessible judges.110

We validate the proposed framework across di-111

verse prompting regimes and domains, spanning112

mathematical reasoning (GSM8K(Cobbe et al.,113

2021), AQUA-RAT(Ling et al., 2017)), broad rea-114

soning (Big-Bench Hard(Suzgun et al., 2022)),115

open-ended instruction following (AlpacaEval116

2.0(Dubois et al., 2025)), and safety-critical ad-117

versarial evaluation (AdvBench(Chen et al., 2022)). 118

Empirically, our method delivers consistent gains 119

while improving attribution efficiency and reducing 120

reliance on any single evaluator. Our contributions 121

are summarized as follows: 122

• We introduce a first-order, gradient-based impor- 123

tance scoring method that provides full prompt- 124

segment attribution with a single backward pass, 125

eliminating segment-wise masking overhead. 126

• We propose a multi-judge loss-ensembling op- 127

timization strategy that mitigates single-model 128

overfitting and improves cross-model prompt 129

transferability. 130

• We develop a hybrid generator and evaluator 131

framework that can incorporate powerful black- 132

box LLMs as generators without requiring their 133

internal likelihoods or gradients. 134

• We provide extensive evaluations across reason- 135

ing, instruction following, and safety-oriented 136

benchmarks, demonstrating improved effective- 137

ness, efficiency, and robustness. 138

139

2 Related Work 140

2.1 Iterative Prompt Optimization 141

Iterative prompt optimization methods use a gen- 142

erator model to iteratively propose prompt revi- 143

sions and refine them using feedback such as self- 144

critique, meta-optimization, or pairwise compar- 145

isons (Yang et al., 2023; Agarwal et al., 2025; Xi- 146

ang et al., 2025). This paradigm is appealing for 147

its flexibility: it operates directly in natural lan- 148

guage, can incorporate task descriptions and exam- 149

ples, and can leverage strong closed-source models 150

as generators without requiring gradients or token 151

probabilities. 152

A key limitation is that the optimization signal 153

is often mediated through iterative generation and 154

evaluation loops(Ramnath et al., 2025b; Fathullah 155

and Gales, 2025). As a result, efficiency depends 156

heavily on design choices such as how many can- 157

didates are generated per round, how feedback is 158

elicited, and how many refinement rounds are run, 159

which can lead to noticeable cost and sometimes 160

unstable progress across iterations. In addition, 161

when improvement is measured primarily through 162

a single feedback channel, the resulting prompt 163

may be less reliable when transferred to different 164

models or evaluation setups(Chatterjee et al., 2024; 165

Wang et al., 2025). 166
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Figure 2: Overview of GMPO. (1) Gradient-guided segment scoring measures each prompt segment’s influence using
a first-order loss approximation (one forward and one backward pass). (2) Targeted prompt editing summarizes the
Top-K segments and prompts a generator model to produce candidate revisions. (3) Multi-Judge Loss Aggregation
scores candidates with an ensemble of judges and chooses the prompt with the lowest aggregated loss.

2.2 Black-Box Search Methods167

Black-box search methods treat prompts as dis-168

crete candidates and optimize task-level metrics169

over a population of prompt variants, commonly170

using evolutionary algorithms (Tong et al., 2025;171

Fernando et al., 2023). Because they only require172

input–output access, which are broadly applicable173

to both open- and closed-source models and avoid174

reliance on free-form self-critique as the primary175

training signal(Deng et al., 2022; Wu et al., 2024).176

However, population-based search typically re-177

quires evaluating many prompt variants to make178

steady progress, which increases computational179

budget and can yield noisy selection when each180

candidate is tested on limited data.(Schneider et al.,181

2024) This variance is especially pronounced when182

tasks are expensive to evaluate or when prompt183

changes interact with decoding randomness, mak-184

ing it harder to reliably distinguish genuinely better185

prompts from fluctuations.186

2.3 Gradient-Inspired Methods187

Gradient-inspired and loss-based methods use188

model likelihoods or related objectives to provide189

more direct optimization signals (Shin et al., 2020;190

Das et al., 2024). Textual-gradient approaches191

frame prompt improvement as iteratively applying192

natural-language gradient feedback produced by193

LLM(Yuksekgonul et al., 2024). PMPO(Zhao et al.,194

2025) instead uses token-level cross-entropy loss195

to evaluate prompts and employs masking-based196

analysis over a small number of removable seman-197

tic units to identify influential parts for revision.198

Such explicit objectives can reduce subjectivity in 199

selection relative to purely critique-based feedback. 200

Nonetheless, the optimization outcome can be 201

sensitive to the choice of evaluator model used to 202

compute the objective. When a single evaluator 203

dominates selection, improvements observed under 204

that scorer may not consistently carry over to other 205

models or evaluation conditions, motivating more 206

robust evaluation designs. 207

208

3 GMPO Framework 209

We introduce GMPO, an iterative prompt optimiza- 210

tion framework that alternates between segment 211

attribution, targeted rewriting, and robust selec- 212

tion. As illustrated in Figure 2, GMPO first uses a 213

single forward-backward pass on judge models to 214

estimate the importance of each prompt segment. 215

It then rewrites the most influential segments by 216

querying a generator model. Finally, it evaluates 217

all candidates with multiple judge models using ex- 218

plicit cross-entropy losses and updates the prompt 219

to the best candidate under aggregated objective. 220

Problem Formulation Given a task with input 221

x and target output y, we aim to find an optimized 222

prompt p⋆ that minimizes the training loss on a 223

training set under a limited optimization budget: 224

p⋆ = argmin
p∈P

L(p;D), (1) 225

where P denotes the set of candidate prompts, and 226

D is a training set used for prompt optimization. 227
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3.1 Gradient-Guided Segment Scoring228

The core problem is to quantify how much each229

segment contributes to the current loss. In our im-230

plementation, we segment the prompt into contigu-231

ous fixed-length token windows (with window size232

K) and treat each window as a segment sj for attri-233

bution and editing. GMPO computes importance234

scores for all segments via a first-order gradient235

approximation, requiring only one forward pass to236

evaluate the loss and one backward pass to obtain237

token-level gradients. This yields segment scores238

in a single evaluation step, avoiding repeated model239

runs and keeping computationally efficient.240

Let the token embeddings of segment sj be241

{et}t∈sj , and let emask denote a fixed mask em-242

bedding. We define a continuous interpolation path243

that replaces segment embeddings with the mask244

embedding:245

et(α) = (1− α)et + αemask, α ∈ [0, 1]. (2)246

When α = 0, the segment is unchanged; when247

α = 1, all tokens in the segment are replaced by248

the same mask embedding. Let Lθm(α) denote the249

loss of model θm when segment sj is interpolated250

with parameter α (all other tokens remain fixed).251

The exact loss change induced by masking sj is252

∆Lj = Lθm(1)−Lθm(0) =

∫ 1

0

dLθm
dα

(α) dα.

(3)253

We approximate this integral using the directional254

derivative at the starting point α = 0:255

Ij ≜
dLθm
dα

∣∣∣∣
α=0

=
∑
t∈sj

〈
∂Lθm
∂et

, emask − et

〉
.

(4)256

We use Ij as the importance score for segment sj .257

Intuitively, Ij measures the instantaneous rate at258

which the loss increases when moving the segment259

toward being masked. Larger positive values indi-260

cate that the segment is more critical for the current261

objective.We obtain the gradients ∂L
∂et

by differenti-262

ating the loss with respect to the prompt token em-263

beddings under model θm. The segment-level im-264

portance scores are then computed by aggregating265

token-wise contributions within each segment ac-266

cording to Eq. (4), producing the attribution vector267

(I1, . . . , IJ).Implementation details are provided268

in the appendix.269

3.2 Targeted Prompt Editing270

Given segment-level importance estimates, GMPO271

performs prompt revision through a generator that272

proposes improved instruction prompts. The edit- 273

ing module is intentionally decoupled from the 274

evaluator models: it can be instantiated with either 275

an open-source generator or a closed-source black- 276

box model, since this stage does not require access 277

to token-level likelihoods or gradients. 278

At each optimization step, the generator is 279

queried with (i) the current instruction prompt, (ii) 280

a task description that specifies the intended capa- 281

bility scope, and (iii) a representative supervised 282

example consisting of an input and its reference 283

final answer. When available, we additionally pro- 284

vide a textual summary of gradient-based important 285

segments to guide the generator toward preserving 286

content that is likely to be performance-critical 287

while improving weaker regions. In some settings, 288

we also supply an example rejected answer together 289

with its associated configuration as auxiliary con- 290

text, encouraging the generator to avoid undesir- 291

able behaviors. 292

We sample multiple candidate updates from the 293

generator conditioned on the same editing context, 294

and forward these candidates to the multi-judge 295

evaluation module for selection. By concentrat- 296

ing revisions on high-impact prompt components 297

while keeping evaluation objective and loss-based, 298

this targeted editing strategy allocates computation 299

where it is most effective, improves iteration-to- 300

iteration stability, and enables the use of strong 301

external generators without sacrificing transparent 302

selection through open-source judges. 303

3.2.1 Multi-Judge Loss Aggregation 304

A central challenge in loss-based prompt optimiza- 305

tion is evaluator overfitting: a prompt may reduce 306

the loss of a single judge model by exploiting its 307

calibration or stylistic preferences, yet fail to gen- 308

eralize to other models. To promote cross-model 309

transfer, we evaluate each candidate prompt with 310

an ensemble of M judge models {θm}Mm=1 and ag- 311

gregate their token-level negative log-likelihood 312

losses. 313

For a prompt p, we compute the development-set 314

loss for each judge. Because different judges may 315

exhibit different loss scales due to tokenization, 316

calibration, or architecture, we apply per-judge nor- 317

malization before aggregation. Given a candidate 318

pool C at an optimization step, we compute 319

L̃θm(p) =
Lθm(p;D)− µm

σm + ϵ
, (5) 320

where µm and σm are the mean and standard de- 321
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Method

Math Big-Bench Hard

Avg.GSM8K AQUA-RAT CommonSense
& Factual

Language
& Semantics

Logic
& Reasoning

Math
& Arithmetic

Spatial
/Seq./Attr.

Prompting Heuristics
AO 87.11 75.98 62.52 60.54 71.73 35.60 71.04 66.36
CoT 90.67 84.25 67.98 67.86 85.87 67.52 91.06 79.33
RaR 93.86 82.68 71.50 70.02 86.00 65.28 85.44 79.26

StepBack 92.49 81.10 73.32 73.04 86.37 67.52 90.06 80.56

Iterative Prompt Optimization
OPRO 93.63 81.89 70.88 72.14 86.50 68.96 90.56 80.65

PromptWizard 88.17 79.92 60.78 73.34 87.90 63.44 84.50 76.87

Black-Box Search
EvoPrompt 93.33 84.25 71.18 73.72 86.93 70.48 91.24 81.60

Gradient-inspired APO
TextGrad 93.86 80.71 72.78 72.96 86.04 64.80 88.90 80.01

PMPO 93.93 84.65 75.82 77.56 88.80 71.76 92.48 83.00

Ours 94.09 85.04 77.05 78.11 90.76 72.16 92.36 84.22

Table 1: Main results on closed-form benchmarks (accuracy, %). Avg. is the mean over all 7 task categories.
Colors denote method families; best is bold and second-best is underlined.

viation of {Lθm(p;D) : p ∈ C}, and ϵ is a small322

constant. We then define the aggregated objec-323

tive as a convex combination over the normalized324

losses:325

J (p) =
M∑

m=1

wm L̃θm(p). (6)326

The weights satisfy wm ≥ 0 and
∑M

m=1wm =327

1. Unless otherwise specified, we use uniform328

weights wm = 1/M . This normalization prevents329

any single judge from dominating the aggregated330

score solely due to scale differences. The best331

prompt under the multi-judge criterion is332

p⋆ = argmin
p∈P
J (p), (7)333

where P denotes the set of candidates produced by334

the editing procedure.335

336

4 Experiment337

4.1 Experimental Results and Analysis338

Benchmarks. We evaluate our method on bench-339

marks spanning mathematical reasoning, logical340

inference, open-ended instruction following, and341

adversarial safety robustness: GSM8K(Cobbe342

et al., 2021) and AQUA-RAT(Ling et al., 2017)343

for multi-step quantitative reasoning, Big-Bench344

Hard(Suzgun et al., 2022) for broader logi-345

cal/compositional reasoning with minimal task-346

specific guidance, AlpacaEval 2.0(Dubois et al.,347

2025) for general instruction following (judged 348

via GPT-4 Turbo pairwise comparisons), and Ad- 349

vBench(Chen et al., 2022) for adversarial safety 350

stress tests. All datasets are evaluated using 351

Qwen2.5-14B-instruct. Across all evaluations, we 352

optimize against datasets with explicit reasoning 353

traces; implementation details are provided in the 354

appendix. 355

Baselines. We compare against representative 356

baselines spanning handcrafted prompting heuris- 357

tics and automated prompt optimization. For man- 358

ual heuristics, we include CoT(Wei et al., 2022), 359

RaR(Deng et al., 2024b), and StepBack(Zheng 360

et al., 2023), which elicit intermediate reason- 361

ing and structured reframing. For automated 362

optimization, we consider Iterative refiners (AO, 363

OPRO(Yang et al., 2023), PromptWizard(Agarwal 364

et al., 2025)), black-box population search (Evo- 365

Prompt(Tong et al., 2025)), and gradient/loss- 366

inspired methods (TextGrad(Yuksekgonul et al., 367

2024), PMPO(Zhao et al., 2025)) that update 368

prompts via feedback signals or likelihood objec- 369

tives. In addition, for prompt-only jailbreak eval- 370

uation, we include Persona Prompt(Zhang et al., 371

2025), GCG(Zou et al., 2023), ICA(Wei et al., 372

2023), and MSJ(Anil et al., 2024) as representative 373

attack baselines. All baselines are evaluated under 374

the same protocol across benchmark datasets. 375

Implementation Details. We use a generator 376

driven prompt optimization pipeline. The prompt 377

5



generator is claude-sonnet-4-5-thinking.378

We evaluate candidate prompts using an379

ensemble of three open source judge380

models, gpt-oss-20B(OpenAI, 2025),381

qwen2.5-14b-instruct(Team et al., 2024),382

and gemma3-27b-it(Team et al., 2025). The final383

evaluation score is the uniform average of the384

three judges, with each model assigned weight385

1/3. For each dataset, we randomly sample 20%386

of examples for training, capped at 50 instances,387

and evaluate on the remaining examples. At each388

optimization iteration, we select the top k = 3389

most challenging training samples according to the390

ensemble score, and for each selected sample we391

generate 3 prompt variants. We run optimization392

for 10 iterations. All experiments are executed on393

8 NVIDIA A100 GPUs.Implementation details are394

provided in the appendix.395

4.2 Experimental Results and Analysis396

Main Result of Closed Tasks. As summarized397

in Table 1, our method achieves the best overall398

average accuracy (84.22) across GSM8K, AQUA-399

RAT, and BBH, outperforming the strongest base-400

line PMPO (83.00) and the competitive black-box401

search method EvoPrompt (81.60). Importantly,402

this advantage is not driven by a single dataset: we403

obtain the top scores on both math benchmarks404

(94.09 on GSM8K and 85.04 on AQUA-RAT)405

and on four of the five BBH subsets (e.g., 90.76406

on logic/reasoning and 72.16 on math/arithmetic).407

Such a distribution of gains suggests that the408

method improves general closed-form reasoning409

competence rather than exploiting idiosyncrasies410

of a particular benchmark.411

Beyond the absolute numbers, the comparison re-412

veals qualitative differences between method fam-413

ilies. Handcrafted prompting heuristics provide414

large jumps over naive prompting but tend to ex-415

hibit uneven strengths: they are strong on some416

BBH reasoning subsets yet can lag on arithmetic-417

heavy or compositional tasks (e.g., AO has a much418

lower math/arithmetic score). In contrast, auto-419

mated optimization methods are more stable across420

categories, reflecting their ability to adapt prompts421

to diverse error modes through iterative refinement422

or search. Our method further strengthens this sta-423

bility: it maintains high performance on already424

strong dimensions. This pattern indicates that our425

approach primarily reduces systematic reasoning426

failures (e.g., multi-step quantitative slips and rule-427

application errors), yielding broader average gains428

Method LC Win Win Len

GPT-4-Turbo 55.02 46.12 1802
Claude-3.5-Sonnet 52.37 40.56 1488
GPT-4-1106 (ref.) 50.00 50.00 2049
Ours 45.56 48.58 2186
PMPO 42.57 51.49 2361
Claude-3-Opus 40.51 29.11 1388
Qwen2.5-32B 38.73 34.05 1819
Llama-3.1-70B 38.06 39.13 2044
Qwen2.5-14B 36.93 32.13 1814

Table 2: Results on AlpacaEval 2.0. We report Length-
Controlled Win Rate (LC Win), Win Rate, and Avg
Length. Rows are sorted by LC Win (descending).

even when some subsets are near saturation and 429

leave limited headroom. 430

Open-ended Tasks. We report performance 431

on AlpacaEval 2.0, an open-ended instruction- 432

following benchmark evaluated via pairwise com- 433

parisons using GPT-4 Turbo as the automatic 434

judge. Table 2 summarizes the results with both 435

the standard win rate and the length-controlled 436

win rate (LC win rate), together with average re- 437

sponse length. All methods are evaluated in the 438

same setting; in particular, our method uses op- 439

timized prompts applied to the Qwen2.5-14B in- 440

struct model. 441

Overall, our method achieves a 48.58% win rate 442

and a 45.56% length-controlled win rate, with an 443

average length of 2186 tokens. While PMPO at- 444

tains the highest raw win rate (51.49%), its LC 445

win rate drops to 42.57%, indicating that a non- 446

trivial portion of its raw gains may be attributable 447

to verbosity-induced evaluator bias. In contrast, 448

our method yields a +2.99 absolute improvement 449

in LC win rate over PMPO (45.56 vs. 42.57) while 450

also producing shorter responses on average (2186 451

vs. 2361), suggesting better quality that is less de- 452

pendent on response length. Notably, relative to the 453

GPT-4 Turbo reference system (50% by definition 454

under self-comparison), our approach remains com- 455

petitive in raw win rate and demonstrates stronger 456

robustness under length control than the strongest 457

prompt-optimization baseline. 458

Safety Robustness on AdvBench. To assess ad- 459

versarial safety robustness, we additionally evalu- 460

ate on AdvBench using prompt-only jailbreak at- 461

tacks that keep the original user request unchanged, 462

adding only auxiliary context such as prefixes, suf- 463
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Method

Math Big-Bench Hard

Avg.GSM8K AQUA-RAT CommonSense
& Factual

Language
& Semantics

Logic
& Reasoning

Math
& Arithmetic

Spatial
/Seq./Attr.

Closed-source target model: gpt-4.1-nano
CoT 90.98 83.86 69.26 68.74 86.64 78.72 93.72 81.70

OPRO 91.66 84.25 63.74 59.09 78.88 73.04 76.57 75.32
TextGrad 92.04 83.46 71.34 74.24 90.31 78.40 95.11 83.56

Ours 93.03 85.04 76.25 76.79 94.40 80.80 97.81 86.30

Small open-source target model: qwen2.5-7b-it
CoT 91.13 72.44 51.66 60.66 78.77 62.48 81.70 71.26

OPRO 90.75 76.38 55.98 62.24 78.97 60.96 84.68 72.85
TextGrad 91.28 74.80 41.97 46.67 72.16 58.72 75.69 65.90

Ours 91.36 75.59 56.28 66.72 80.72 68.80 82.26 74.53

Table 3: Prompt portability across model families (accuracy, %). Colors denote method families; best is bold and
second-best is underlined (within each target-model block).

fixes, or in-context demonstrations. Table 4 reports464

the attack success rate (ASR) on Qwen2.5-14B-465

Instruct. Overall, our method achieves an ASR of466

46.92%, outperforming strong prompt-based base-467

lines. These results show that optimized prompt468

framing can substantially increase the effectiveness469

of prompt-only jailbreaks even under the constraint470

that the user request itself is not modified.471

Notably, the margin over MSJ suggests that472

optimization-driven prompt synthesis can outper-473

form simply scaling the number of demonstrations474

by discovering higher-leverage contextual struc-475

tures that more reliably induce unsafe compliance.476

These gains are achieved without altering the ma-477

licious instruction content, but purely by refining478

surrounding context, consistent with our objective479

that small, targeted changes in framing can produce480

large behavioral shifts.481

4.3 Portability and Transferability.482

We evaluate whether the optimized prompt can483

transfer across substantially different target models.484

Concretely, we first run prompt optimization on our485

development split to obtain an optimized prompt486

(and similarly, baseline prompts for other methods).487

We then freeze the prompt and directly apply it to488

new target models without any re-optimization, cal-489

ibration, or additional demonstrations: (i) a closed-490

source model, gpt-4.1-nano, and (ii) a smaller open-491

source model, qwen2.5-7b-it. Table 3 reports the492

transfer results.493

On gpt-4.1-nano, our prompt achieves the best494

overall average accuracy (86.30%), improving over495

the strongest baseline TextGrad (83.56%) with con-496

sistent gains across all BBH subsets. On qwen2.5-497

7b-it, despite the tighter capacity bottleneck, our498

Method ASR (%)
Original 0.2
PP 9.6
GCG 23.85
ICA 1.73
MSJ 37.18
Ours 46.92

Table 4: AdvBench at-
tack success rate (ASR) on
Qwen2.5-14B-Instruct for
prompt-only attacks.

Method
Tokens

(M)
PW 0.084
OPRO 4.1
TextGrad 1.1
EvoPrompt 5.5
Ours 0.11

Table 5: Total token con-
sumption comparison (in
millions, M).

method remains best on average (74.53%) and at- 499

tains the top score on multiple categories, while 500

staying competitive on the remaining ones. Over- 501

all, these results indicate that our optimized prompt 502

captures transferable behavioral scaffolding rather 503

than model-specific quirks, and can be deployed re- 504

liably on both closed-source endpoints and smaller 505

open-source backbones. 506

4.4 Cost analysis 507

We analyze optimization efficiency using total to- 508

ken consumption during the prompt search stage, 509

i.e., the sum of (i) generator-side tokens used to 510

propose candidate prompts and (ii) evaluator-side 511

tokens processed to score candidates. As shown in 512

Table 5, our method consumes 0.11M tokens, com- 513

parable to PromptWizard and substantially lower 514

than OPRO, EvoPrompt, and TextGrad, indicat- 515

ing that search-heavy baselines incur steep scaling 516

costs when they repeatedly evaluate many candi- 517

dates across iterations or populations. 518

This efficiency primarily comes from two de- 519

sign choices. First, our pipeline requires only one- 520
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Variant Math BBH Avg

Full method 89.57 82.09 84.22

– w/o mask 88.43 80.76 82.95
– w/o normalization 89.32 81.88 84.01
– w/o multi-judge 88.94 81.48 83.61
– random selection 86.84 79.13 81.33

Table 6: Ablations on masking attribution and evaluator
design.

way prompt generation: the generator proposes521

candidates once per step, without multi-round self-522

critique or refinement dialogues. Second, evalua-523

tion uses cross-entropy scoring with open-source524

judge models, avoiding long-form decoding for ev-525

ery candidate and enabling batched, computation-526

efficient scoring. In contrast, OPRO appends prior527

prompts and scores to the context, increasing per-528

iteration prompt length and token usage; Evo-529

Prompt evaluates populations across generations,530

so cost scales with population size and the num-531

ber of generations; and TextGrad is dominated by532

validation-set selection (in our accounting, 1.05M533

of its 1.1M tokens are spent on GPT-3.5 evaluation,534

with the remainder for prompt generation). Over-535

all, these design choices explain why our method536

achieves strong performance while staying near the537

low-cost end of the optimization spectrum.538

4.5 Ablation Study539

We conduct ablations to isolate the contribution of540

masking-based attribution and evaluator design, as541

well as the impact of the prompt generator. All542

ablations follow the same protocol as the main543

experiments; unless otherwise specified, only the544

component under study is modified while keeping545

the remaining pipeline unchanged.546

Masking and evaluator ablations. Table 6547

shows that removing masking-based attribution548

leads to a consistent degradation on both Math and549

BBH, indicating that targeted edits informed by550

attribution are important for reducing systematic551

reasoning errors. In contrast, removing z-score nor-552

malization yields only a minor regression, suggest-553

ing that normalization primarily plays a stabilizing554

role by reducing scale mismatch across evaluators555

rather than being a dominant driver of gains. We556

further observe that collapsing to a single evaluator557

(self-judge) results in a small drop, consistent with558

reduced robustness when optimization relies on a559

single model’s preferences. Finally, when we re-560

move evaluator-based selection entirely (while still561

Figure 3: Generator ablations.Only the prompt genera-
tor is changed; evaluation and selection remain identical
across rows.

generating candidates), performance drops more 562

noticeably, highlighting the importance of explicit 563

selection signals for maintaining iteration quality 564

and preventing drift across optimization steps. 565

Generator sensitivity. We also replace the 566

prompt generator while keeping the rest of the 567

pipeline fixed (Table 3). Using gpt-4o as generator 568

yields a small regression relative to the default, indi- 569

cating that the method is not overly sensitive to the 570

exact choice of a strong generator. Replacing the 571

generator with qwen2.5-14b produces a slightly 572

larger drop, consistent with weaker proposal qual- 573

ity and reduced diversity in candidate prompts; nev- 574

ertheless, performance remains competitive, sug- 575

gesting that the evaluator-driven optimization loop 576

can partially compensate for a weaker generator by 577

selecting and consolidating higher-quality candi- 578

dates across iterations. 579

580

5 Conclusion 581

In this work, we proposed GMPO, a scalable frame- 582

work for automated prompt optimization that im- 583

proves both efficiency and robustness. By estimat- 584

ing prompt-segment importance with a first-order 585

gradient approximation, GMPO concentrates edits 586

on the most influential parts of a prompt while keep- 587

ing computation low, and it selects candidates using 588

an ensemble objective over multiple lightweight 589

judges to mitigate evaluator bias. Importantly, this 590

design jointly balances edit locality and evaluation 591

diversity, enabling reliable optimization without 592

relying on a single expensive or potentially biased 593

evaluator. Extensive experiments across diverse 594

tasks demonstrate consistent quality improvements, 595

reduced optimization overhead, and strong transfer 596

to unseen evaluators and settings. 597
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Limitations598

Our segment-importance estimator is based on a599

continuous masking direction and a first-order ap-600

proximation of the loss change. While this yields601

an efficient signal, it may not faithfully capture602

the true causal contribution of a prompt segment,603

especially when effects are highly non-linear, de-604

pend on interactions across segments, or differ be-605

tween continuous interpolation and discrete text606

edits. Consequently, the resulting mask-based at-607

tribution should be interpreted as a heuristic proxy608

rather than a ground-truth measure of prompt im-609

portance.610

Although the multi-judge design reduces re-611

liance on a single evaluator, optimization can still612

be sensitive to the particular choice, calibration,613

and weighting of judge models. Different judge614

set may induce different preference landscapes, po-615

tentially affecting which prompt variants are se-616

lected and how well they transfer. In addition, using617

entropy as an evaluation signal typically requires618

deploying and maintaining multiple open-source619

judge models to score candidates, which increases620

engineering complexity and compute requirements621

and may limit practicality in resource-constrained622

settings.623

Ethical Considerations624

This work carries inherent dual-use risk: while the625

studied techniques can support systematic safety626

evaluation and mitigation, they could also be mis-627

used to increase jailbreak success and elicit un-628

safe behavior. Accordingly, we follow a minimum-629

necessary-disclosure approach and omit from the630

paper and public materials actionable details that631

would enable direct replication or scalable misuse632

(e.g., concrete jailbreak prompts, key parameter633

configurations, complete attacker meta-prompts,634

and turnkey automation). Our experiments are con-635

ducted primarily in an unprotected setting to iso-636

late variables and characterize base-model failure637

modes, and therefore should be interpreted as stress638

tests of underlying alignment behavior rather than639

a comprehensive assessment of any product-grade,640

multi-layer safety stack.641
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Appendix811

812

A Full Ethical Considerations813

Dual-use risk and research scope. The tech-814

niques studied in this paper are inherently dual-815

use. On the one hand, they can support systematic816

safety evaluation and help improve alignment and817

guardrails. On the other hand, they may be misused818

to increase jailbreak success rates and elicit unsafe819

or policy-violating model behavior. Since our re-820

sults suggest that relatively small framing changes821

can substantially increase unsafe compliance, we822

follow a minimum necessary disclosure principle:823

we provide sufficient information to understand824

and validate the scientific claims while reducing825

the risk of real-world misuse.826

Release policy and controlled access. For safety827

reasons and to mitigate misuse risk, we will not in-828

clude in the paper or public appendix: (i) concrete829

jailbreak prompts and their optimized variants; (ii)830

detailed parameter choices and configurations that831

would enable direct replication of optimized jail-832

break prompts at scale; or (iii) the complete at-833

tacker meta-prompt and turnkey scripts that could834

facilitate automated exploitation. When replica-835

tion is necessary for bona fide safety research, the836

attacker meta-prompt and essential implementa-837

tion details will be shared only with authorized838

researchers under controlled access (e.g., with a839

clear research-purpose statement and an agreement840

not to deploy the materials for real-world attacks or841

broad redistribution), subject to reasonable review.842

Evaluation setting and limitations. Our exper-843

iments are conducted primarily in an unprotected844

setting (i.e., without external guardrails) to isolate845

variables and characterize the underlying failure846

modes under our core constraint: the method fo-847

cuses on manipulating context without rewriting848

the user query. This choice does not imply that849

real-world deployments lack defenses. Production850

systems often include multiple safety layers (e.g.,851

prompt-injection detection, policy classifiers, re-852

fusal templates, and logging/auditing). Therefore,853

our findings should be interpreted as stress-testing854

base-model and base-alignment behavior rather855

than as a complete assessment of any product-grade856

safety stack.857

Mitigation recommendations. Because our 858

method operates via contextual manipulation with- 859

out rewriting the user request, we recommend 860

strengthening prompt safety and context integrity 861

defenses, including but not limited to: 862

• Input-side detection: detect prompt-injection 863

and jailbreak patterns (e.g., role hijacking, 864

instruction-priority manipulation, policy evasion 865

phrasing, hidden instruction structures) and trig- 866

ger refusal, de-escalation, or human review when 867

appropriate. 868

• Context integrity constraints: ensure system 869

and safety prompts cannot be overridden or rede- 870

fined by user-provided context; enforce robust in- 871

struction hierarchy and sandboxing for untrusted 872

context. 873

• Output-side guardrails: apply policy checkers 874

or safety classifiers to block, rewrite, or termi- 875

nate unsafe generations before delivery, and log 876

triggers for iterative hardening. 877

• Adversarial training and red-teaming: incor- 878

porate the attack patterns highlighted in this work 879

into continuous red-team evaluation and regres- 880

sion test suites, and evaluate under safer con- 881

figurations (e.g., enabled guardrails, alternative 882

system prompts, stricter refusal thresholds). 883

Intended use. We publish this work to advance 884

the study of alignment vulnerabilities and to sup- 885

port the development of stronger mitigations and 886

evaluation protocols. We do not endorse the use of 887

these techniques for unauthorized attacks against 888

deployed systems or for any unlawful or harmful 889

activities. 890

B Detailed Prompts of ours 891

In this section, we provide the meta prompts used 892

throughout our framework, covering (i) prompt 893

optimization in the GMPO-style pipeline, and (ii) 894

evaluation prompts used for scoring, ranking, and 895

success-rate measurement. We also include the 896

segment-level masking / loss attribution prompts 897

used to identify high-impact spans for editing. 898

Prompt Optimization (Large Model). We use 899

a capable instruction-following model to propose 900

improved prompts conditioned on task description 901

and optional diagnostics. 902

11



Optimization Prompt for Large Models

You are an expert prompt engineer tasked with
dynamically improving prompts to generate more
effective, robust solutions across models and
domains.

↪→
↪→
↪→

Task description:
{task_description}

We are using multiple judge models and a
gradient-based importance estimator that
highlights segments of the current instruction
prompt which are most critical for
performance.{importance_text}

↪→
↪→
↪→
↪→

Given:
- Current instruction prompt:
{current_prompt}

- Example Input:
{user_input}

- Example Final Answer:
{true_answer}{reject_block}

Your job:
1. Diagnose weaknesses of the current prompt for this

task.↪→
2. Respect the task_description as the full scope of

capabilities; do NOT specialize only for this
example.

↪→
↪→
3. Use the importance information to preserve truly

critical parts, and refine or restructure less
important parts.

↪→
↪→
4. Produce a new instruction prompt that:

- Is clear, robust, and domain-general for this
task family.↪→

- Encourages step-by-step reasoning.
- Works well across different judge models (not

just the generator itself).↪→

Return ONLY the final improved prompt, wrapped in
<prompt></prompt> with PLAIN TEXT format (no
markdown).

↪→
↪→

903

Importance Prompt (Segment-level Attribution).904

We use an importance (attribution) prompt to sum-905

marize which parts of the current instruction are906

most responsible for model behavior, based on907

segment-level signals (e.g., masking / loss attri-908

bution statistics or other per-span diagnostics). The909

goal is not to rewrite the prompt directly, but to910

produce a concise, actionable list of high-impact911

spans and the likely reasons they matter, so that the912

optimizer can focus edits on the most influential913

regions while minimizing unnecessary changes.914

Importance Prompt (Segment-level)

\n\nGradient-based important segments of current
prompt:\n{importance_summary}\n↪→

{importance_summary}:
[Segment {seg_idx}] score={score:.4f} text:

{repr(text)}↪→

915

Preference Pair Prompt (Positive/Negative Sam-916

ples). We use a preference pair prompt constructed917

from a positive (preferred) and a negative (rejected)918

sample under the same evaluation context. Given 919

the task description and input, the judge model is 920

asked to verify (or restate) which of the two can- 921

didates better satisfies the task requirements and 922

adheres to the desired behavior. This prompt is de- 923

signed to elicit a clear preference signal grounded 924

in an explicit rubric, enabling supervision from 925

relative comparisons rather than absolute scores. 926

Preference Pair Prompt (Chosen vs. Rejected)

- Example Rejected Answer (should be discouraged):
{rejected_answer}

Rejection setup:
- reject_objective: {reject_objective}
- reject_weight(alpha): {reject_weight}
- dpo_beta(beta): {dpo_beta}

927

Correctness Judge Prompt (Binary / Structured 928

Scoring). We use a dedicated correctness judge 929

prompt to determine whether a model output satis- 930

fies the task requirements. The judge is provided 931

with the task description, the user input, and the 932

model output, and optionally a reference answer 933

when available. It must return a structured decision 934

(e.g., pass/fail or a binary label) and, if needed, a 935

minimal rationale. This judge is used to compute 936

accuracy-style metrics and to support automated 937

evaluation in settings where exact-match is insuffi- 938

cient. 939

Correctness Judge Prompt

You are an expert evaluator determining whether an
answer matches the ground truth. Treat equivalent
formats such as “A”, “(A)”, and “A.” as correct,
and focus on the meaning rather than exact string
matching. When the answer format is important,
verify that the model responds in the required
format; for example, in Dyck language problems, if
the question asks what follows “([{}” and the
ground truth is “])”, then a model answer of
“([{}])” should be considered correct because it
includes the proper closing brackets.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

940

C Experiment Details 941

C.1 Tasks and Data Details 942

We evaluate our approach on a set of benchmarks 943

that collectively cover (i) closed-form multi-step 944

reasoning with objective, accuracy-based scoring, 945

(ii) open-ended instruction following assessed via 946

preference-style comparisons, and (iii) adversarial 947

safety robustness under jailbreak-oriented prompts. 948

Specifically, we include Big-Bench Hard (BBH) 949

for broad reasoning, GSM8K and AQUA-RAT for 950

quantitative and algebraic reasoning, AlpacaEval 951
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2.0 for instruction-following quality under pair-952

wise judging, and AdvBench for adversarial safety953

stress-testing.954

C.1.1 Big-Bench Hard (BBH)955

Big-Bench Hard (BBH) is a curated subset of par-956

ticularly challenging tasks drawn from BIG-bench,957

designed to probe multi-step reasoning abilities958

where standard few-shot prompting historically un-959

derperforms. BBH spans diverse reasoning skills960

(e.g., logical inference, compositional generaliza-961

tion, and structured decision making) and is com-962

monly evaluated using task-specific accuracy over963

a fixed set of problems and prompts (Suzgun et al.,964

2022).965

BBH task groupings. Following common prac-966

tice, we organize BBH tasks into five coarse-967

grained categories:968

• CommonSense&Factual:969

causal_judgement, movie_recommendation,970

salient_translation,971

sports_understanding, web_of_lies.972

• Language&Semantics: disambiguation_qa,973

hyperbaton, ruin_names, snarks,974

word_sorting.975

• Logic&Reasoning: boolean_expressions,976

formal_fallacies, logical_deduction.977

• Math&Arithmetic: date_understanding,978

dyck_languages, geometric_shapes,979

multistep_arithmetic_two,980

object_counting.981

• Spatial/Sequential/Attribute:982

navigate, penguins_in_a_table,983

reasoning_about_colored_objects,984

temporal_sequences,985

tracking_shuffled_objects.986

Dataset for prompt generation. To construct987

prompts that elicit explicit chain-of-thought so-988

lutions, we use gpt-4o to generate reasoning-989

annotated answers on BBH. We then use gpt-4o990

again as an automatic judge to verify whether each991

generated answer is correct. From the verified pool,992

we randomly sample 50 chain-of-thought instances993

for targeted analysis and reporting, while also con-994

ducting evaluation over the full BBH dataset. We995

will release the resulting prompt-generation dataset996

to support reproducibility and follow-up research.997

C.1.2 GSM8K 998

GSM8K is a dataset of grade-school math word 999

problems written by human annotators to test multi- 1000

step numerical reasoning. Problems typically re- 1001

quire a short sequence of elementary arithmetic 1002

operations to reach a final numeric answer, and 1003

performance is usually measured by exact-match 1004

accuracy on the final result (Cobbe et al., 2021). 1005

Dataset for prompt generation. We use 1006

openai/gsm8k and treat the ground-truth answer 1007

field as the optimization target. For detailed, 1008

sample-level evaluation, we select 50 problems 1009

from the training split as an evaluation subset, 1010

and we additionally report performance on the full 1011

dataset. 1012

C.1.3 AQUA-RAT 1013

AQUA-RAT (Algebra Question Answering with 1014

Rationales) is a large-scale collection of algebraic 1015

word problems presented in multiple-choice for- 1016

mat and accompanied by natural-language ratio- 1017

nales. The benchmark targets algebraic and quan- 1018

titative reasoning, and it is typically evaluated 1019

by answer-choice accuracy while also enabling 1020

rationale-aware modeling and analysis (Ling et al., 1021

2017). 1022

Dataset for prompt generation. We use 1023

deepmind/aqua_rat and treat the ground-truth 1024

rationale field as the optimization target. For de- 1025

tailed, sample-level evaluation, we select 50 prob- 1026

lems from the training split as an evaluation subset, 1027

and we additionally report performance on the full 1028

dataset. 1029

C.1.4 AlpacaEval 2.0 1030

AlpacaEval 2.0 is an automated instruction- 1031

following evaluation framework built around a 1032

fixed set of user-like instructions, where model 1033

responses are compared head-to-head against a ref- 1034

erence system using an LLM judge. In addition 1035

to standard win-rate, AlpacaEval 2.0 emphasizes 1036

length-controlled comparisons to reduce confound- 1037

ing effects from verbosity and better approximate 1038

quality judgments (Dubois et al., 2025). 1039

Dataset for prompt generation (AlpacaE- 1040

val 2.0). Because AlpacaEval 2.0 consists 1041

of open-ended instructions, we optimize 1042

prompts using the preference pairs provided in 1043

reciprocate/alpaca-eval. Concretely, we treat 1044

the selected responses as preferred samples and 1045
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the rejected responses as dispreferred samples.1046

We use 50 preference pairs for prompt optimization.1047

For evaluation, we follow the default AlpacaEval1048

configuration, using gpt-4-1106-preview as the1049

judge, and we also report results on the full dataset.1050

C.1.5 AdvBench1051

AdvBench is a widely used adversarial safety1052

benchmark consisting of harmful-behavior instruc-1053

tions intended to test whether models can be in-1054

duced to generate disallowed or unsafe content. It1055

is commonly used in jailbreak evaluation, where1056

attack success is measured by whether the model1057

produces an affirmative or materially compliant1058

response to the harmful instruction, often summa-1059

rized as attack success rate (ASR) (Chen et al.,1060

2022).1061

Dataset for prompt generation. We use1062

walledai/AdvBench and treat the target field as1063

the optimization target. We employ a jailbroken1064

DeepSeek-v3.2 model as the generator; for safety1065

reasons, we do not disclose the jailbreak prompt.1066

We select 50 instances from the dataset for detailed1067

evaluation and additionally report results on the1068

full dataset.1069

C.2 Baselines1070

This section describes the comparison methods1071

included in our experiments. We consider repre-1072

sentative baselines spanning handcrafted prompt-1073

ing heuristics, automated prompt optimization1074

algorithms, and prompt-only jailbreak attacks.1075

For each baseline, we follow the original pa-1076

per’s recommended setup (e.g., prompt templates,1077

search/iteration budgets, selection criteria, and any1078

task-specific formatting rules) to the extent appli-1079

cable, and we apply the same evaluation protocol1080

across all benchmark datasets.1081

C.2.1 Prompt Optimization Methods1082

Answer-Only (AO). AO is a minimalist prompt-1083

ing baseline that instructs the model to output only1084

the final answer (i.e., no intermediate reasoning1085

or explanations). This baseline helps isolate the1086

benefit of explicit reasoning elicitation from the1087

underlying model capability.1088

Chain-of-Thought (CoT). CoT prompts the1089

model to produce explicit intermediate reasoning1090

steps before giving the final answer, typically via1091

few-shot exemplars that include rationales. This ap-1092

proach is known to improve performance on multi-1093

step reasoning tasks by encouraging structured de- 1094

liberation (Wei et al., 2022). 1095

StepBack. StepBack Prompting first asks the 1096

model to abstract from the specific instance (“take 1097

a step back”) to derive high-level concepts or prin- 1098

ciples, and then uses those abstractions to guide a 1099

second-stage solution. The method targets better 1100

global reasoning trajectories by explicitly separat- 1101

ing abstraction from execution (Zheng et al., 2023). 1102

Rephrase and Respond (RaR). RaR asks the 1103

model to rephrase and expand the user question 1104

into a form it can better interpret, and then answer 1105

the rephrased query (optionally with a two-stage 1106

rephraser/responder variant). This aims to reduce 1107

misinterpretation errors and can be complementary 1108

to reasoning-oriented prompts (Deng et al., 2024b). 1109

Optimization by PROmpting (OPRO). OPRO 1110

treats prompt engineering as an optimization prob- 1111

lem solved with an LLM acting as an optimizer: 1112

given task feedback (e.g., development-set scores), 1113

the optimizer proposes revised prompts iteratively. 1114

OPRO is a model-guided refinement baseline that 1115

searches for improved instructions in natural lan- 1116

guage (Yang et al., 2023). 1117

PromptWizard. PromptWizard is a feedback- 1118

driven prompt optimization framework that iter- 1119

atively generates candidate prompts, critiques fail- 1120

ures, and synthesizes improved prompts, with 1121

mechanisms designed to balance exploration and 1122

exploitation. It optimizes discrete prompt text (and 1123

optionally in-context examples) under black-box 1124

access to the target model (Agarwal et al., 2025). 1125

EvoPrompt. EvoPrompt performs population- 1126

based prompt search inspired by evolutionary al- 1127

gorithms. It maintains a set of candidate prompts 1128

and applies evolutionary operators (e.g., variation 1129

and selection) guided by validation performance, 1130

enabling black-box optimization without gradients 1131

or parameter access (Tong et al., 2025). 1132

TextGrad. TextGrad frames prompt improve- 1133

ment through a gradient metaphor in which an 1134

LLM produces “textual gradients” (feedback sig- 1135

nals) that can be backpropagated through a text- 1136

based computation graph to update prompts and 1137

other textual variables. The method operational- 1138

izes iterative refinement using structured feedback 1139

rather than model parameter gradients (Yuksek- 1140

gonul et al., 2024). 1141
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PMPO. PMPO (Probabilistic Metric Prompt1142

Optimization) refines prompts using likelihood-1143

based signals (e.g., token-level cross-entropy) as1144

a lightweight objective for selecting and rewrit-1145

ing prompt segments. This loss-inspired approach1146

aims to scale prompt optimization while reducing1147

reliance on expensive output sampling or human1148

preference annotation (Zhao et al., 2025).1149

C.2.2 Jailbreak Methods (Prompt-Only1150

Attacks)1151

Persona Prompt. Persona Prompt attacks use1152

role-playing or persona conditioning to shape the1153

model’s behavior and reduce refusal tendencies.1154

Recent work shows that automatically crafted per-1155

sona prompts can substantially increase jailbreak1156

success and can also synergize with other attacks1157

(Zhang et al., 2025).1158

Greedy Coordinate Gradient (GCG). GCG is1159

a universal adversarial prompt/suffix generation1160

approach that searches for transferable token se-1161

quences that induce harmful compliance across1162

aligned models. It is widely used as a strong1163

prompt-only jailbreak baseline due to its transfer-1164

ability and effectiveness under black-box evalua-1165

tion (Zou et al., 2023).1166

In-Context Attack (ICA). ICA jailbreaks1167

aligned models using only a few in-context1168

demonstrations that exemplify harmful responses,1169

leveraging in-context learning to shift the model1170

toward unsafe behavior without parameter updates.1171

The associated line of work also studies paired1172

in-context defenses, but here we use ICA strictly1173

as an attack baseline (Wei et al., 2023).1174

Many-shot Jailbreaking (MSJ). MSJ is a long-1175

context jailbreak that conditions the model on many1176

demonstrations of undesirable behavior (potentially1177

hundreds), exploiting increased context windows to1178

steer the model into continuing the harmful pattern.1179

This baseline evaluates robustness against long-1180

context, demonstration-driven attacks (Anil et al.,1181

2024).1182
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D Implementation details1183

D.1 Hyperparameter selection1184

We use a fixed set of hyperparameters across all datasets. Table 7 summarizes the settings used in our1185

optimization procedure. In particular, we set the segment window size to K = 16 tokens for importance1186

attribution, use ϵ = 1× 10−6 as the stabilization term in z-score normalization, and cap the maximum1187

sequence length at Lmax = 2048 with bfloat16 enabled. For AlpacaEval-style pairwise training, we set1188

α = β = 1.0.1189

Table 7: Hyperparameters used in GMPO optimization.

Hyperparameter Value

Search budget
Optimization iterations 10
Challenging samples per iteration (k) 3
Prompt variants per sample 3
Training split 20% (max 50 instances per dataset)

Attribution & normalization
Segment window size (K) 16
Stabilization term in z-score (ϵ) 1× 10−6

Model/runtime
Max sequence length (Lmax) 2048
bfloat16 Enabled

Pairwise objective (AlpacaEval)
Reject weight (α) 1.0
DPO temperature (β) 1.0

D.2 Mask-based segment importance estimation1190

This section details practical choices used to compute mask-direction segment importance in a single1191

forward–backward pass, complementing the main derivation.1192

Mask embedding choice. We represent the continuous mask direction using a single fixed embedding1193

vector emask taken from the model’s input embedding table. When the tokenizer provides a dedicated1194

[MASK] token, we use its embedding. Otherwise, we fall back to a special token that is guaranteed to1195

exist for most chat LMs (priority: padding token, then end-of-sequence token); if none are defined, we1196

use token id 0 as a safe default. This design ensures emask is always well-defined without modifying the1197

vocabulary.1198

Sequence construction and supervised region. For each training example, we form a single token1199

sequence by concatenating: (i) the system instruction, (ii) the user input (in chat format), and (iii) the1200

reference (correct) answer. The training objective for attribution is the conditional negative log-likelihood1201

of the reference answer given the prompt. Concretely, we compute cross-entropy only on the answer1202

tokens: tokens belonging to the system/user prompt are excluded from the loss by assigning them an ignore1203

label, while the answer span is labeled with its corresponding token ids. This prevents the attribution1204

signal from being dominated by prompt-format boilerplate and focuses gradients on how the prompt1205

supports predicting the answer.1206

Maximum length handling. When enforcing a maximum sequence length, we first build the full1207

prompt+answer sequence and then apply left truncation to keep the last Lmax tokens. This strategy1208

preferentially preserves the answer span and the immediately preceding prompt context, which are most1209
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relevant for the conditional likelihood. Labels are truncated consistently with the retained tokens; if the 1210

reference answer itself exceeds Lmax, we keep only its suffix aligned to the truncated window. 1211

Gradient extraction w.r.t. input embeddings. To obtain token-level gradients efficiently, we treat 1212

the input embeddings {et} as the differentiation variables. We run one forward pass to compute the 1213

answer-only loss and then obtain ∇etL via a single backward pass (or an equivalent gradient query) with 1214

respect to the input-embedding tensor. No parameter gradients are required for this attribution step, which 1215

reduces overhead and isolates the signal needed by the importance estimator. 1216

Segmentation policy. We segment only the prompt portion (system + user + generation prefix, excluding 1217

the reference answer) into contiguous fixed-length token windows of size K. The last segment may be 1218

shorter if the prompt length is not divisible by K. Answer tokens are excluded from segmentation to avoid 1219

selecting segments that directly contain ground-truth content. 1220

Scoring, ranking, and interpretation. For each segment sj , we compute its importance by aggregating 1221

token-wise contributions along the mask direction: 1222

Ij =
∑
t∈sj

⟨∇etL, emask − et⟩ . 1223

In practice, we rank segments by |Ij | and select the Top-k segments for editing. The sign of Ij can be 1224

informative: positive values indicate that moving the segment toward emask locally increases the loss, 1225

while negative values indicate a local decrease; however, selection is based on magnitude to capture both 1226

strongly helpful and strongly harmful spans. 1227

Memory and throughput considerations. To reduce peak accelerator memory during attribution, we 1228

construct token ids and labels on CPU and transfer them to the device only for the forward–backward 1229

computation. After obtaining ∇etL, we can move the gradients (and, if needed, the corresponding et 1230

vectors) back to CPU and release device-resident intermediates before performing segment aggregation 1231

and ranking. On CUDA devices, automatic mixed precision (e.g., bfloat16) can be enabled for the 1232

forward pass to further improve throughput, without changing the estimator definition. 1233

D.3 Pairwise Loss on AlpacaEval 1234

For open-ended instruction following on AlpacaEval, we optimize from preference pairs. Each training 1235

instance shares the same context c (instruction prompt and user input) and contains a chosen output y+ 1236

as well as a rejected output y−. Given a judge (or scorer) parameterized by θ, we define the token-level 1237

negative log-likelihood (cross-entropy) for an output sequence y under the shared context c as 1238

ℓθ(y | c) = −
1

|y|

|y|∑
t=1

logPθ(yt | c, y<t), (8) 1239

where |y| denotes the output length. We then compute 1240

pos_loss = ℓθ(y
+ | c), neg_loss = ℓθ(y

− | c), ∆ = neg_loss− pos_loss. (9) 1241

To enforce the preference ordering, we adopt a DPO-style pairwise objective defined over the loss gap 1242

∆: 1243

Lpair = softplus(−β∆) = log(1 + exp(−β(neg_loss− pos_loss))) , (10) 1244

where β controls the sharpness of the separation between preferred and rejected outputs. The per-example 1245

training objective is 1246

L = pos_loss + αLpair, (11) 1247

with α weighting the contribution of the pairwise term. In our implementation, we set α ← 1248

reject_weight and β ← dpo_beta. 1249
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Minimizing L jointly (i) reduces pos_loss, increasing the likelihood of the chosen output, and (ii)1250

reduces Lpair, which is monotonically decreasing in ∆ and therefore encourages neg_loss ≫ pos_loss1251

under the same context. Equivalently, using softplus(−x) = − log σ(x), we can rewrite1252

Lpair = − log σ(β(neg_loss− pos_loss)) . (12)1253

For numerical stability, we implement softplus(·) via logaddexp:1254

x← β · (neg_loss− pos_loss), (13)1255

Lpair ← log(exp(0) + exp(−x)) = logaddexp(0,−x), (14)1256

L ← pos_loss + α · Lpair. (15)1257

Finally, we average L over the batch, and additionally average across judges when an ensemble is used.1258
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E Full Experiment Results1259

E.1 Detailed Results on Big-Bench Hard1260

(BBH)1261

In the main paper, for clarity of presentation, we1262

summarize BBH performance by aggregating task-1263

level accuracies into five high-level categories and1264

reporting category-wise averages. This appendix1265

provides the complete per-task results before any1266

such aggregation. Specifically, Table 8 reports the1267

test accuracy for each BBH task under the 1-shot1268

setting on Qwen2.5-14B-Instruct, together with the1269

overall average across all tasks. These task-level1270

numbers constitute the underlying data used to com-1271

pute the category scores and other aggregated met-1272

rics reported in the main text. Bold values denote1273

the best-performing method on each task, and un-1274

derlined values denote the second best1275

E.2 Open-ended Tasks (AlpacaEval 2.0)1276

We evaluate open-ended instruction following1277

on AlpacaEval 2.0, where model responses are1278

compared head-to-head against a reference sys-1279

tem under an automatic LLM judge (pairwise1280

comparisons). We report both the standard win1281

rate (win_rate) and the length-controlled win1282

rate (length_controlled_winrate, abbreviated1283

as LC win), together with the average response1284

length (avg_length). The LC win metric is de-1285

signed to mitigate confounding effects from ver-1286

bosity and better reflect response quality indepen-1287

dent of length.1288

Table 9 provides detailed AlpacaEval results.1289

Our method achieves a win rate of 48.58% and an1290

LC win rate of 45.56%, demonstrating a substan-1291

tial gain over the same backbone without prompt1292

optimization (Qwen2.5-14B: 32.13% win / 36.93%1293

LC win). Compared with PMPO, our method has1294

a lower raw win rate (48.58% vs. 51.49%) but a1295

higher LC win rate (45.56% vs. 42.57%), while1296

also generating shorter responses on average (21861297

vs. 2361 tokens). This pattern is consistent with the1298

interpretation that part of the raw win-rate gains of1299

some methods can be affected by response-length1300

bias, which is explicitly controlled for by the LC1301

win metric.1302

F Optimized Prompts (Ours)1303

Task: boolean_expressions1304

Description: Evaluate the truth value of a ran-1305

dom Boolean expression consisting of Boolean con-1306

stants (True, False) and basic Boolean operators 1307

(and, or, not). 1308

BBH Prompt (boolean_expressions)

You are evaluating a Boolean expression to determine
its truth value (True or False).↪→

Task: Evaluate the given Boolean expression and
provide the final result.↪→

Operator Precedence (highest to lowest):
1. NOT - negates a value
2. AND - requires both values to be True
3. OR - requires at least one value to be True

Evaluation Process:

Step 1: Parse the expression to identify all values
(True, False) and operators (not, and, or).↪→

Step 2: Apply NOT operators first, working from right
to left (closest to the value outward):↪→

- not True = False
- not False = True
- For multiple NOTs in sequence, apply each one step

by step↪→

Step 3: Apply AND operators next:
- True and True = True
- Any other combination = False

Step 4: Apply OR operators last:
- False or False = False
- Any other combination = True

Step 5: Show your work clearly by writing out each
transformation.↪→

Step 6: State the final answer as either "True" or
"False".↪→

Now evaluate the given Boolean expression using this
process.↪→

1309

Task: causal_judgment 1310

Description: Given a short story, determine how 1311

a typical person would answer a causal question 1312

about the story. 1313

BBH Prompt (causal_judgement)

You are predicting how typical people answer questions
about everyday scenarios involving causation,
intentionality, and moral responsibility.

↪→
↪→

Your goal: Determine the answer an ordinary person
would give using common sense and everyday
intuitions.

↪→
↪→

Question Types and How People Think:

CAUSATION (Did X cause Y?):
- People focus on what seems abnormal, unusual, or

rule-breaking↪→
- Actions that violate norms are singled out as "the

cause"↪→
- Normal or permitted actions fade into the background
- Ask: What stands out as wrong or unexpected in this

situation?↪→

INTENTIONALITY (Did someone do X intentionally?):
- Intentional means they wanted it as a goal OR knew

it would happen↪→
- Harmful side effects feel more "intentional" than

helpful ones↪→
- Ask: Did they mean for this to happen or know it

would?↪→

1314

19



Table 8: Average test accuracy in the 1-shot setting across multiple tasks for different prompting methods, evaluated
on Qwen2.5-14B-Instruct. Bold values indicate the best-performing method for each task; underlined values indicate
the second best.

Task Name AO CoT RaR StepBack OPRO EvoPrompt PromptWizard PMPO TextGrad Ours
boolean_expressions 0.756 0.920 0.952 0.936 0.972 0.952 0.976 0.984 0.968 0.992
causal_judgement 0.674 0.631 0.695 0.658 0.636 0.647 0.599 0.695 0.679 0.684
date_understanding 0.684 0.740 0.708 0.752 0.800 0.772 0.636 0.784 0.756 0.796
disambiguation_qa 0.656 0.776 0.716 0.640 0.848 0.760 0.892 0.736 0.712 0.700
dyck_languages 0.096 0.240 0.236 0.228 0.392 0.308 0.220 0.256 0.020 0.320
formal_fallacies 0.704 0.800 0.784 0.808 0.856 0.792 0.816 0.816 0.760 0.856
geometric_shapes 0.440 0.616 0.576 0.684 0.580 0.620 0.508 0.676 0.624 0.656
hyperbaton 0.632 0.704 0.768 0.848 0.740 0.756 0.752 0.896 0.812 0.844
logical_deduction 0.692 0.856 0.844 0.847 0.767 0.864 0.845 0.864 0.853 0.875
movie_recommendation 0.564 0.636 0.624 0.640 0.636 0.596 0.676 0.684 0.616 0.672
multistep_arithmetic_two 0.052 0.968 0.972 0.956 0.988 0.948 0.976 0.988 0.972 0.972
navigate 0.660 0.908 0.856 0.924 0.896 0.944 0.848 0.960 0.952 0.912
object_counting 0.508 0.812 0.772 0.756 0.688 0.876 0.832 0.884 0.868 0.864
penguins_in_a_table 0.753 0.945 0.932 0.952 0.932 0.959 0.726 0.952 0.932 0.973
reasoning_about_colored_objects 0.708 0.892 0.768 0.880 0.876 0.872 0.912 0.888 0.840 0.916
ruin_names 0.632 0.660 0.556 0.716 0.788 0.680 0.692 0.840 0.724 0.864
salient_translation_error_detection 0.600 0.572 0.604 0.644 0.624 0.604 0.504 0.600 0.624 0.692
snarks 0.831 0.809 0.837 0.848 0.843 0.882 0.787 0.826 0.792 0.893
sports_understanding 0.752 0.660 0.680 0.804 0.828 0.812 0.544 0.836 0.808 0.860
temporal_sequences 0.832 0.908 0.864 0.900 0.964 0.916 0.900 0.944 0.908 0.900
tracking_shuffled_objects 0.599 0.900 0.852 0.847 0.860 0.871 0.839 0.880 0.813 0.917
web_of_lies 0.536 0.900 0.972 0.920 0.820 0.900 0.716 0.976 0.912 0.944
word_sorting 0.276 0.444 0.624 0.600 0.388 0.608 0.544 0.580 0.608 0.604
Average Accuracy 0.593 0.752 0.747 0.773 0.770 0.780 0.728 0.806 0.763 0.813

Model Win (%) SE Wins BaseWins Draws N Disc. Win (%) Mode Avg Len LC Win (%) LC SE

gpt-4-turbo-2024-04-09 46.12 1.47 370 426 9 805 46.52 minimal 1802 55.02 –
claude-3-5-sonnet-20240620 40.56 1.47 312 493 0 805 38.76 community 1488 52.37 –
gpt4_1106_preview (ref.) 50.00 0.00 0 0 805 805 50.00 minimal 2049 50.00 –
Qwen2.5-72B 52.17 1.47 414 386 5 805 51.74 community 2282 46.95 –
Ours 48.58 1.53 390 411 2 803 48.69 community 2186 45.56 0.87
PMPO 51.49 1.53 403 398 3 804 50.31 community 2361 42.57 0.82
claude-3-opus-20240229 29.11 1.39 223 579 3 805 27.89 minimal 1388 40.51 –
Qwen2.5-32B 34.05 1.40 261 541 3 805 32.61 community 1819 38.73 –
Meta-Llama-3.1-70B-Instruct-Turbo 39.13 1.43 306 496 3 805 38.20 minimal 2044 38.06 0.90
Qwen2.5-14B 32.13 1.44 248 553 4 805 31.06 community 1814 36.93 0.89

Table 9: Detailed AlpacaEval 2.0 results. Wins/BaseWins/Draws denote the number of pairwise comparisons won
by the model / won by the reference baseline / tied. SE is the standard error reported by the evaluator. Disc. Win is
the discrete win rate computed from win/loss/tie counts. Mode is the AlpacaEval evaluation template/config label.
Missing entries (“–”) indicate fields not reported in the current evaluator output.

MORAL RESPONSIBILITY (Is someone blameworthy?):
- Consider: Did they know? Could they avoid it? Did

they break rules?↪→
- Ask: Would ordinary people blame this person?

How to Answer:

1. Read the scenario carefully
2. Identify what is unusual, norm-violating, or

unexpected↪→
3. Apply common sense intuition for the question type
4. Select your answer based on how typical people

would reason↪→

Focus on what ordinary people naturally notice and
care about - rule violations, unexpected actions,
and who is doing something they shouldn't be
doing.

↪→
↪→
↪→

Answer directly with your selected option.

1315

Task: date_understanding1316

Description: Given sentences about a date, answer1317

questions about related dates.1318

BBH Prompt (date_understanding)

You will be given information containing temporal
clues about dates, followed by a question asking
for a specific date in MM/DD/YYYY format.

↪→
↪→

Your task is to determine the requested date through
careful, systematic reasoning.↪→

Core Approach:

1. IDENTIFY THE QUESTION
- Determine exactly what date is being asked for:

"today," "tomorrow," "yesterday," or another
specific relative date

↪→
↪→
- Note the exact wording used in the question

2. ESTABLISH "TODAY" (THE REFERENCE POINT)
- Find which date represents the present moment

("today") in the problem↪→
- Key patterns:
* "tomorrow is [date]" today = [date] minus 1 day
* "yesterday was [date]" today = [date] plus 1

day↪→
* "today is [date]" → today = [date] directly

1319
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* "delayed by X days to today" today = original
date plus X days↪→

* "X days have passed since [date]" today =
[date] plus X days↪→

- Always explicitly state what "today" is before
proceeding↪→

3. PARSE TEMPORAL RELATIONSHIPS
- Understand directional phrases:
* "before" means subtract days
* "after" means add days
* "since" typically means counting forward from a

past date↪→
- Be precise about whether events are described

relative to "today" or to other dates↪→

4. PERFORM DATE CALCULATIONS
- Use correct month lengths:
* 31 days: Jan, Mar, May, Jul, Aug, Oct, Dec
* 30 days: Apr, Jun, Sep, Nov
* 28/29 days: Feb (29 if leap year)

- Leap year rule: divisible by 4, except centuries
must be divisible by 400↪→

- When adding/subtracting days:
* Handle month boundaries carefully
* Handle year boundaries (Dec 31 —— Jan 1)
* Count carefully when crossing multiple months

5. ANSWER THE SPECIFIC QUESTION
- Calculate the exact date requested:
* For "yesterday": today minus 1 day
* For "tomorrow": today plus 1 day
* For "today": use the reference date established
* For other requests: apply appropriate

arithmetic from today↪→
- Format as MM/DD/YYYY with leading zeros (e.g.,

07/09/1972)↪→

6. VERIFY YOUR ANSWER
- Review your calculation step-by-step
- Confirm the date matches one of the provided

options↪→
- Check that month, day, and year are all correct

Present your reasoning clearly, showing each step of
your logic. Always state what "today" is before
calculating the requested date.

↪→
↪→

1320

Task: disambiguation_qa1321

Description: Answer questions by resolving ambi-1322

guity in the question.1323

BBH Prompt (disambiguation_qa)

You are tasked with determining pronoun reference in
sentences. For each sentence containing a pronoun,
you must identify what the pronoun refers to (its
antecedent), or determine if the reference is
genuinely ambiguous.

↪→
↪→
↪→
↪→

Your task:
- Analyze the pronoun in the given sentence
- Consider all possible antecedents (nouns the

pronoun could refer to)↪→
- Use grammatical cues, sentence structure, world

knowledge, and common-sense reasoning to
determine the most likely referent

↪→
↪→
- Choose the most reasonable interpretation based on

how the sentence would naturally be understood in
everyday communication

↪→
↪→

Key principles:
- Apply typical real-world interpretations and

pragmatic reasoning↪→
- Consider: What makes logical sense? What would be

the natural interpretation in everyday
communication?

↪→
↪→
- Many sentences may seem grammatically ambiguous but

have clear intended meanings based on context,
world knowledge, and typical language usage

↪→
↪→

1324

- Mark a sentence as ambiguous ONLY when multiple
interpretations remain equally plausible after
applying all available reasoning

↪→
↪→

Reasoning approach:
1. Identify the pronoun and list all potential

antecedents↪→
2. Check grammatical constraints (gender, number,

person agreement)↪→
3. Consider semantic and contextual factors (what

makes logical sense given the sentence meaning?)↪→
4. Apply world knowledge about typical scenarios,

causal relationships, and common patterns in
communication

↪→
↪→
5. Determine which antecedent is most reasonable

based on the overall evidence↪→

Output format:
- Provide step-by-step reasoning that shows your

analysis↪→
- State your final answer by selecting the option

that best identifies the pronoun's antecedent↪→
- Choose "Ambiguous" only when no interpretation can

be reasonably preferred over others after
thorough analysis

↪→
↪→
- Commit to the most plausible interpretation rather

than defaulting to ambiguity when contextual or
pragmatic clues favor one reading

↪→
↪→

Your goal is to resolve the reference when reasonable
evidence exists, recognizing that natural
language communication typically conveys clear
intended meanings even when strict grammatical
analysis might allow multiple possibilities.

↪→
↪→
↪→
↪→

1325

Task: dyck_languages 1326

Description: Determine if a sequence of nested 1327

parentheses is valid. 1328

BBH Prompt (dyck_languages)

system
You are solving a bracket sequence completion task.

You will receive a partial sequence of four
bracket types: round ( ), square [ ], curly { },
and angle < >. Your task is to determine exactly
which closing brackets are needed at the end to
make the sequence balanced and properly closed.

↪→
↪→
↪→
↪→
↪→

Instructions:
1. Use a stack-based approach to track unclosed

brackets↪→
2. Process the input left to right:

- Push each opening bracket ( [ { < onto the stack
- Pop from stack when a closing bracket ) ] } >

matches the top↪→
3. After processing all input, the remaining stack

shows unclosed brackets↪→
4. Generate the answer by closing brackets in reverse

order (top to bottom of stack)↪→
5. Provide your step-by-step reasoning, then clearly

state your final answer on a line starting with
"Answer:"

↪→
↪→

Show your work by displaying the stack state as you
process the sequence.↪→

1329

Task: formal_fallacies 1330

Description: Identify logical fallacies in deductive 1331

reasoning. 1332
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BBH Prompt (formal_fallacies)

You are tasked with determining whether an argument
is deductively valid or invalid.↪→

An argument is deductively valid if and only if the
conclusion necessarily follows from the premises
by logical necessity. If the premises can be true
while the conclusion is false, the argument is
invalid.

↪→
↪→
↪→
↪→

Instructions:

Carefully identify the premises and the conclusion.
Distinguish what is given from what is claimed to
follow.

↪→
↪→

Analyze the logical structure with precision. Pay
special attention to:↪→

- Conditional statements (if-then, necessary
conditions, sufficient conditions)↪→

- Quantifiers (all, every, some, whoever)
- Logical connectives (and, or, not, neither...nor)
- Negations and their scope

Trace the logical chain from premises to what can be
validly deduced. Use contrapositives and other
logical transformations as needed. Document each
inference step.

↪→
↪→
↪→

Compare what the premises actually establish with the
stated conclusion. Check for exact logical
equivalence. Be vigilant about:

↪→
↪→
- Subtle wording differences between derived

statements and the conclusion↪→
- Negation mismatches (not X versus X)
- Disjunction differences (X or Y versus X or not-Y,

or other variations)↪→

Determine validity: The argument is valid only if the
conclusion exactly matches what the premises
logically entail. Any logical gap or mismatch
makes it invalid.

↪→
↪→
↪→

Provide step-by-step reasoning showing your analysis,
then state your final answer.↪→

Options:
- valid
- invalid

1333

Task: geometric_shapes1334

Description: Answer questions about geometric1335

shapes and their properties.1336

BBH Prompt (geometric_shapes)

Determine the geometric shape drawn by the given SVG
path element, then select your answer from the
provided options.

↪→
↪→

SVG Path Commands Reference:
- M: Move to starting point
- L: Draw line to point
- A: Draw arc (rx,ry rotation

large-arc-flag,sweep-flag x,y)↪→
- Z: Close path (return to start)

Shape Identification Guidelines:
- Circle: Arcs with equal radii forming closed curve
- Ellipse: Arcs with unequal radii forming closed

curve↪→
- Polygons: Line segments forming closed angular

shapes↪→
- Sector: Arc segment with lines to center
- Line: Open path with only line commands

1337

Analyze the path by examining the commands,
coordinates, and whether the path closes to form
a complete shape. Consider if the shape uses
curved arcs or straight lines, count the number
of sides for polygons, and check if arcs have
equal or unequal radii.

↪→
↪→
↪→
↪→
↪→

Provide clear reasoning for your analysis, then
select the correct answer from the given options.↪→

1338

Task: hyperbaton 1339

Description: Rearrange words in a sentence to 1340

form a grammatical sentence. 1341

BBH Prompt (hyperbaton)

You are tasked with determining which of two English
sentences follows correct adjective order
according to standard grammar rules.

↪→
↪→

ADJECTIVE ORDER RULE:
When multiple adjectives modify a noun, they follow

this sequence:↪→
Opinion Size Age Shape Color Origin Material

Purpose Noun↪→

CATEGORY GUIDE:
1. Opinion: subjective judgments about quality

(beautiful, terrible, wonderful, lovely,
horrible)

↪→
↪→
2. Size: physical dimensions (large, small, tiny,

huge, midsize, long)↪→
3. Age: temporal state (old, new, young, ancient,

modern)↪→
4. Shape: physical form (round, square, flat, curved)
5. Color: color words (red, blue, green, black, white)
6. Origin: geographical or cultural source (American,

French, Italian, Chinese)↪→
7. Material: composition (wooden, metal, plastic,

cotton, silk)↪→
8. Purpose: function or use (racing, cooking,

snorkeling, sleeping)↪→

ANALYSIS PROCEDURE:
For each sentence, follow these steps:

Step 1: Identify all adjectives modifying the noun
Step 2: Classify each adjective by determining which

category (1-8) it belongs to based on its meaning↪→
Step 3: Write the category sequence as numbers

(example: 127 means OpinionSizeMaterial)↪→
Step 4: Check if the numbers are in ascending order
Step 5: The sentence with categories in ascending

numerical order is correct↪→

IMPORTANT NOTES:
- Not all categories must be present; skipping

categories is valid (136 is correct)↪→
- Each adjective fits exactly one category
- The rule applies whether or not the phrase sounds

common or natural↪→
- When an adjective's category is unclear, use its

primary meaning in context↪→

YOUR RESPONSE FORMAT:
State which sentence is correct, then explain your

reasoning:↪→
- List each adjective with its category name and

number↪→
- Show the numerical category sequence for both

sentences↪→
- Explicitly state which sequence follows ascending

order and why the other violates the rule↪→

1342
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Task: logical_deduction (five_objects)1343

Description: Deduce facts from given statements1344

using logical reasoning.1345

BBH Prompt (logical_deduction_five_objects)

You are tasked with determining the correct order or
arrangement of objects based on given clues and
relationships. Your goal is to provide a
systematic, well-reasoned response that clearly
demonstrates your logical thinking process.

↪→
↪→
↪→
↪→

Follow this systematic approach:

1. EXTRACT AND ORGANIZE ALL CLUES: Carefully identify
every piece of information that tells you
something about the relationships or positions of
objects. Look for:

↪→
↪→
↪→

- Position indicators (first, last, middle, third
from left, between X and Y)↪→

- Comparative relationships (taller than, more
expensive than, comes before)↪→

- Fixed placements (anchored positions that don't
change)↪→

- Sequential information (A follows B, X comes
after Y)↪→

2. WORK WITH DEFINITE INFORMATION FIRST: Start by
placing objects with the most specific, fixed
positions. These serve as anchors for your
arrangement. For each placement:

↪→
↪→
↪→

- State exactly which clue you are using
- Explain why this placement is certain
- Check that it doesn't contradict any other clues

3. BUILD SYSTEMATICALLY USING LOGICAL CHAINS: Add
remaining objects one by one, using clear logical
reasoning. For each decision:

↪→
↪→

- Show how the clues lead to your conclusion
- Verify the placement works with all previously

placed objects↪→
- If multiple positions seem possible, work

through the logic to eliminate options↪→

4. VALIDATE YOUR COMPLETE SOLUTION: Test your final
arrangement against every original clue. Each
relationship must be satisfied. If any clue fails,
trace back through your reasoning to identify and
correct the error.

↪→
↪→
↪→
↪→

5. PRESENT YOUR REASONING CLEARLY: Make your logical
chain explicit and easy to follow. Show
step-by-step how you moved from the given
information to your final answer.

↪→
↪→
↪→

This method works for any ordering problem: arranging
objects in space, sequencing events in time,
ranking by attributes, organizing hierarchies, or
determining preference orders.

↪→
↪→
↪→

Answer the specific question with direct,
well-reasoned logic that can be easily verified.↪→

1346

Task: logical_deduction (seven_objects)1347

Description: Deduce facts from given statements1348

using logical reasoning.1349

BBH Prompt (logical_deduction_seven_objects)

You are solving a spatial ordering problem. You will
be given descriptions of objects arranged in a
sequence, along with constraints about their
relative positions or rankings.

↪→
↪→
↪→

Your task is to determine the complete order of
objects and answer the specific question asked.↪→

1350

Follow this systematic approach:

Step 1 - Identify all objects: List every object
mentioned that needs to be ordered. Count them to
ensure you have the complete set.

↪→
↪→

Step 2 - Determine the ordering dimension and
direction: Identify what type of ordering is
required (left-to-right position, price ranking
from most to least expensive, size, etc.).
Establish a consistent reference direction - this
is critical for interpreting all constraints
correctly.

↪→
↪→
↪→
↪→
↪→
↪→

Step 3 - Extract and normalize all constraints: List
every constraint provided. Pay special attention
to:

↪→
↪→
- Directional terms: "to the right of", "to the left

of", "more expensive than", "less expensive than"↪→
- Absolute positions: "third-most expensive", "second

from the left", "rightmost", "cheapest"↪→
- The perspective: "third from the right" counts from

the opposite end as "third from the left"↪→

Write each constraint in a consistent format relative
to your chosen reference direction.↪→

Step 4 - Identify anchor points: Look for constraints
that fix objects at specific positions (e.g., "X
is the rightmost" means position 7 in a 7-object
sequence, "Y is second from the left" means
position 2). These anchor points are essential
for building the complete order.

↪→
↪→
↪→
↪→
↪→

Step 5 - Build relationship chains: Connect related
constraints into ordered chains. For example, if
A is right of B, and B is right of C, then the
chain is C-B-A (left to right). Merge chains
where they share common objects.

↪→
↪→
↪→
↪→

Step 6 - Integrate chains with anchor points: Use
your fixed positions from Step 4 to place your
relationship chains. Determine where each chain
must be positioned to satisfy the absolute
position constraints.

↪→
↪→
↪→
↪→

Step 7 - Complete the sequence: Assign all objects to
positions. Fill in any remaining objects by
process of elimination, ensuring all constraints
remain satisfied.

↪→
↪→
↪→

Step 8 - Verify all constraints: Check every single
constraint from Step 3 against your final
ordering. Verify both relative positions and
absolute positions are correct.

↪→
↪→
↪→

Step 9 - Answer the question with directional
awareness: Read the question carefully. Remember:↪→

- "Nth from the left" means counting N positions
starting from the left end↪→

- "Nth from the right" means counting N positions
starting from the right end↪→

- "Nth-most expensive" means N positions from the
most expensive end↪→

- "Nth-cheapest" means N positions from the cheapest
end↪→

In a sequence of 7 objects, "third from the right" is
position 5 (when counting left to right), NOT
position 3.

↪→
↪→

Present your reasoning clearly at each step.

1351

Task: logical_deduction (three_objects) 1352

Description: Deduce facts from given statements 1353

using logical reasoning. 1354
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BBH Prompt (logical_deduction_three_objects)

You are tasked with solving logical reasoning
problems that require determining the correct
order or arrangement of objects based on given
constraints and relationships.

↪→
↪→
↪→

For each problem, follow this systematic approach:

1. List all objects to be arranged and note the type
of ordering (left-to-right, first-to-last,
top-to-bottom, etc.)

↪→
↪→

2. Identify all constraints:
- Fixed positions: "X is third", "Y is in the

middle"↪→
- Relative positions: "A is left of B", "C is

before D"↪→
- Additional relationships or orderings

3. Build the arrangement methodically:
- Begin with any fixed position constraints
- Apply relative position constraints to place

remaining objects↪→
- Use transitive reasoning when needed (if A is

left of B and B is left of C, then A is left of
C)

↪→
↪→
- Fill remaining positions by elimination

4. Verify: Check that your final arrangement
satisfies every constraint↪→

5. Select the answer option that matches your
arrangement↪→

Always display your reasoning steps clearly before
giving your final answer.↪→

1355

Task: movie_recommendation1356

Description: Recommend a movie based on given1357

preferences.1358

BBH Prompt (movie_recommendation)

You will analyze movies a user has watched and liked,
identify the connecting pattern, and recommend
the best matching option from a provided list.

↪→
↪→

Instructions:

Look for patterns in the given movies. Patterns may
be structural or content-based:↪→

Structural patterns:
- Word count in titles (e.g., alternating lengths,

consistent counts)↪→
- Alphabetical ordering or sequences
- Title length or formatting patterns

Content patterns:
- Genre, themes, or storytelling style
- Era or time period
- Director, actors, or production characteristics

Approach:
1. Examine the given movies for any discernible

pattern↪→
2. Test each option against the identified pattern
3. Select the option that best continues or matches

the pattern↪→
4. Explain your reasoning step-by-step
5. State your final answer clearly as: "The answer is

(X)"↪→

1359

Task: multistep_arithmetic_two1360

Description: Solve multi-step arithmetic prob-1361

lems.1362

BBH Prompt (multistep_arithmetic_two)

Evaluate the arithmetic expression by following these
steps:↪→

1. Identify all operations and apply the correct
order of operations: parentheses first (innermost
to outermost), then multiplication and division
from left to right, then addition and subtraction
from left to right.

↪→
↪→
↪→
↪→

2. For each operation you perform, explicitly write
out the calculation and its intermediate result
before proceeding to the next step.

↪→
↪→

3. Pay careful attention to negative numbers and
their signs. When multiplying or combining
negative values, show the sign handling
explicitly (e.g., -9 * -5 = 45, because negative
times negative equals positive).

↪→
↪→
↪→
↪→

4. For nested expressions with multiple parentheses,
work systematically from the innermost
parentheses outward, fully simplifying each level
before moving to the next.

↪→
↪→
↪→

5. After completing all operations, clearly state the
final numerical answer.↪→

1363

Task: navigate 1364

Description: Determine whether the user returns 1365

to the origin after a series of movements. 1366

BBH Prompt (navigate)

You will be given a series of navigation instructions.
Your task is to determine whether following these
instructions exactly as given would return you to
the starting point.

↪→
↪→
↪→

Parse each instruction carefully and track your
position:↪→

- If instructions include directional changes (turns,
rotations), track your heading↪→

- If instructions include movements (steps, distance),
track displacement in your current heading↪→

- Process all instructions in the order given

Key assumptions:
- Start at position (0, 0) facing a default direction

(e.g., North)↪→
- If no direction is specified for a movement, assume

it continues in the current heading↪→
- If only movements are given with no turns, assume

all movement is in the same straight line↪→

After processing all instructions, evaluate whether
your final position matches the starting position
(0, 0).

↪→
↪→

Answer "Yes" only if you return to the exact starting
point. Answer "No" if you are at any other
position.

↪→
↪→

Show your step-by-step analysis before giving your
final answer.↪→

1367

Task: object_counting 1368

Description: Count objects in a given description. 1369
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BBH Prompt (object_counting)

Count the objects step by step. First, identify each
distinct item mentioned and its quantity. If no
quantity is specified for an item, assume there
is 1 of that item. Then, sum the quantities to
get the final count of objects requested in the
question.

↪→
↪→
↪→
↪→
↪→

1370

Task: penguins_in_a_table1371

Description: Answer questions about data pre-1372

sented in a table about penguins.1373

BBH Prompt (penguins_in_a_table)

You will be given one or more tables with structured
data about subjects such as penguins or other
animals. Each table has a header row defining the
attributes, followed by data rows.

↪→
↪→
↪→

Your task is to answer a question about the data by
following these steps:↪→

1. Read the table header to identify the attributes
(name, age, height, weight, etc.)↪→

2. Carefully parse each data row, noting which value
corresponds to which attribute for each subject↪→

3. Read the question carefully to understand exactly
what is being asked↪→

4. Work through the problem step-by-step:
- Explicitly identify which rows and values are

relevant↪→
- Show your reasoning for each step
- If counting, filtering, or comparing,

demonstrate each evaluation clearly↪→

5. If multiple-choice options are provided, verify
which option matches your calculated answer↪→

6. Double-check your work by reviewing the relevant
data points↪→

7. Present your final answer clearly and
unambiguously at the end↪→

Always structure your response to show your complete
reasoning process before stating your final
answer.

↪→
↪→

1374

Task: reasoning_about_colored_objects1375

Description: Reason about relationships between1376

colored objects.1377

BBH Prompt (reasoning_about_colored_objects)

You are given a description of objects on a surface,
followed by a question about those objects. The
question may ask about colors, quantities,
positions, or other properties.

↪→
↪→
↪→

Your task is to answer the question by carefully
analyzing the given information and reasoning
through it step by step.

↪→
↪→

Approach each problem systematically:
- Identify all objects mentioned and their relevant

attributes↪→
- Understand exactly what the question is asking

(what to count, compare, or identify, and any
specific conditions or criteria)

↪→
↪→

1378

- Evaluate each object against the question's criteria
- If counting is needed, explicitly count the

qualifying objects↪→
- State your final answer clearly by selecting from

the provided options↪→

Always show your complete reasoning process before
giving your final answer selection.↪→

1379

Task: ruin_names 1380

Description: Fix names that have been altered or 1381

corrupted. 1382

BBH Prompt (ruin_names)

You are solving a word puzzle. Your task: identify
which option is a humorous one-character edit of
a given artist, band, or movie name.

↪→
↪→

A one-character edit means changing exactly one
character by substitution, deletion, or addition.↪→

When evaluating options:

1. Check if each option differs from the original by
exactly one character↪→

2. Evaluate the humor: Does the edit create a funny
new meaning, wordplay, absurd imagery, or
recognizable pun? Avoid selecting mere typos or
meaningless letter changes.

↪→
↪→
↪→

3. Select the option with the strongest, clearest
humor↪→

Now solve the given puzzle. State your final answer
clearly as: "Final answer: [option letter]
[option text]"

↪→
↪→

1383

Task: salient_translation_error_detection 1384

Description: Identify errors in translations. 1385

BBH Prompt
(salient_translation_error_detection)

You are tasked with identifying translation errors
between German source sentences and their English
translations.

↪→
↪→

For each task, you will receive:
- A German source sentence
- An English translation
- Multiple error type options

Your goal is to determine which single error type
best describes the translation mistake.↪→

Error Categories:

(A) Modifiers or Adjectives: Descriptive words,
adjectives, or modifiers pertaining to a noun are
changed or omitted. Examples: "small town"
becomes "town" or "big town"; "red car" becomes
"blue car"; "quickly ran" becomes "ran"

↪→
↪→
↪→
↪→

(B) Numerical Values: Numbers, dates, ordinals,
cardinals, or units are altered. Examples: "1995"
becomes "1996"; "three" becomes "four"; "meters"
becomes "feet"; "first" becomes "second"

↪→
↪→
↪→

1386
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(C) Negation or Antonyms: A negation is added,
removed, or a word is changed to its antonym.
Examples: "not good" becomes "good"; "more"
becomes "less"; "hot" becomes "cold"; "always"
becomes "never"

↪→
↪→
↪→
↪→

(D) Named Entities: Proper nouns such as person names,
place names, or organization names are changed to
different entities. Examples: "Berlin" becomes
"Munich"; "John Smith" becomes "Jane Smith";
"Amazon" becomes "Google"

↪→
↪→
↪→
↪→

(E) Dropped Content: A significant clause, phrase, or
portion of the sentence is completely omitted
from the translation

↪→
↪→

(F) Facts: Factual errors involving incorrect
categorization or type of things that don't fit
the above categories. Examples: "town" becomes
"city"; "river" becomes "lake"; "president"
becomes "mayor"; "sculptor" becomes "painter"

↪→
↪→
↪→
↪→

Analysis Process:

1. Read the German source sentence carefully and
understand its complete meaning↪→

2. Compare the English translation to the source and
identify what differs↪→

3. Determine the specific nature of the difference -
what word or phrase changed, and how↪→

4. Match the error to the most specific category:
- If a number, date, or unit changed (B) Numerical

Values↪→
- If a proper name or place changed (D) Named

Entities↪→
- If significant content is completely missing (E)

Dropped Content↪→
- If negation changed or an antonym was used (C)

Negation or Antonyms↪→
- If a descriptive modifier or adjective changed

(A) Modifiers or Adjectives↪→
- If the fundamental type or category of something

changed (F) Facts↪→
5. State your reasoning with specific reference to

words from both sentences, then provide your
final answer

↪→
↪→

Important Notes:
- Choose only the single most accurate category for

the primary error↪→
- Focus on what changed, not what stayed the same
- When an antonym substitution occurs, classify it as

Negation or Antonyms even if it involves modifiers↪→
- Provide clear reasoning before your final answer

1387

Task: snarks1388

Description: Identify sarcasm in statements.1389

BBH Prompt (snarks)

Identify which statement is sarcastic by carefully
analyzing both options.↪→

To detect sarcasm, look for irony, mockery,
exaggeration, or absurdity that signals the
speaker is being deliberately facetious rather
than literal. Sarcasm often involves saying
something that contradicts reality, common sense,
or expected outcomes in a way that highlights the
ridiculousness of a situation.

↪→
↪→
↪→
↪→
↪→
↪→

Follow these steps:

1. Read both statements and note how they differ.
2. For each statement, assess whether it makes a

literal, reasonable claim or whether it uses
irony or absurdity.

↪→
↪→
3. Consider the context: which statement expresses a

genuine observation versus which one uses
exaggeration or false equivalence to mock or
criticize?

↪→
↪→
↪→

1390

4. Compare the two options to determine which is
straightforward and which is ironic.↪→

Conclude which statement is sarcastic based on your
analysis.↪→

1391

Task: sports_understanding 1392

Description: Answer questions about sports rules 1393

and situations. 1394

BBH Prompt (sports_understanding)

system
Determine whether a sports-related sentence is

plausible by verifying if the described action
matches the sport the player actually plays.

↪→
↪→

Reasoning approach:
1. Identify the player and their actual sport
2. Identify the action/event described
3. Determine if that action belongs to the player's

sport↪→
4. Conclude: plausible or not plausible

Provide concise reasoning, then state your final
answer.↪→

Now evaluate the given sentence using the same
reasoning process.↪→

1395

Task: temporal_sequences 1396

Description: Reason about sequences of events in 1397

time. 1398

BBH Prompt (temporal_sequences)

You are tasked with determining when a person was
available during their day to perform a specific
activity.

↪→
↪→

Your goal is to identify time periods when the person
was free to perform the activity in question.↪→

To solve this problem:

First, establish the timeline by identifying all
times when the person was occupied with confirmed
activities. During these periods, the person was
NOT available.

↪→
↪→
↪→

Second, note any restrictions that limit availability,
such as when the person was asleep, when
locations were closed, or other temporal
limitations mentioned in the problem.

↪→
↪→
↪→

Third, identify the gaps in the timeline - these are
periods when the person was not engaged in any
confirmed activity and no restrictions apply.
These gaps represent potential free time.

↪→
↪→
↪→

Fourth, evaluate each answer option by checking:
- Does this time period overlap with any confirmed

activity? If yes, the person was NOT free during
this time.

↪→
↪→
- Does this time period violate any stated

restriction? If yes, the person was NOT free
during this time.

↪→
↪→
- If neither conflict exists, then this time period

represents when the person WAS free.↪→

1399
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Present your reasoning clearly. For each option,
state whether the person was free during that
time and explain your reasoning. Conclude with
your final answer stating which option correctly
identifies when the person was free to perform
the activity in question.

↪→
↪→
↪→
↪→
↪→

Be systematic and thorough in checking all activities
and constraints against each time option.↪→

1400

Task: tracking_shuffled_objects (five_objects)1401

Description: Track objects that have been shuffled.1402

BBH Prompt (track-
ing_shuffled_objects_five_objects)

You will be given a scenario where entities (people,
objects, etc.) each start with an assigned
attribute (partner, position, item, etc.). A
series of swaps will then occur between pairs of
entities. Your task is to track these swaps and
determine the final state.

↪→
↪→
↪→
↪→
↪→

APPROACH:

1. INITIAL STATE: Write out the complete starting
assignments for all entities.↪→

2. PROCESS EACH SWAP IN ORDER:
- Identify the two entities involved
- Note what each currently has BEFORE the swap
- Exchange their assignments
- Write out the COMPLETE state after this swap for

ALL entities↪→

3. FINAL ANSWER: After all swaps, identify the
requested entity's final assignment and select
the correct option.

↪→
↪→

CRITICAL RULES:
- Swaps are processed sequentially in the exact order

given↪→
- Only the two named entities exchange assignments in

each swap↪→
- All other entities keep their current assignments

during a swap↪→
- Always write the full state after each swap to

avoid errors↪→
- Each entity swaps whatever they hold at that moment,

not their original assignment↪→

1403

Task: tracking_shuffled_objects (seven_objects)1404

Description: Track objects that have been shuffled.1405

BBH Prompt (track-
ing_shuffled_objects_seven_objects)

system
You will track objects through a sequence of pairwise

swaps to determine final positions.↪→

APPROACH:

1. ESTABLISH INITIAL STATE
- Write out each person and their starting object
- This is your reference point before any swaps

2. PROCESS EACH SWAP IN ORDER
- For each swap, explicitly state:
a) Who is swapping
b) What each person currently holds before the

swap↪→
c) What each person holds after the swap

- Process swaps in the exact sequence given

1406

- Only the two people mentioned exchange objects;
others remain unchanged↪→

3. STATE FINAL HOLDINGS
- After all swaps, list what each person holds
- Verify all objects are accounted for

4. ANSWER THE QUESTION
- Identify what the specified person holds in your

final state↪→
- Select the matching option

CRITICAL POINTS:

- Execute swaps in exact order provided
- Each swap affects only two people
- Track current state explicitly before each swap
- Be thorough; write out intermediate states to

prevent errors↪→
- Double-check your final answer

1407

Task: tracking_shuffled_objects (three_objects) 1408

Description: Track objects that have been shuffled. 1409

BBH Prompt (track-
ing_shuffled_objects_three_objects)

You will be given a scenario where objects start in
initial positions and undergo a series of pairwise
swaps. Your task is to determine where a specific
object ends up after all swaps are completed.

↪→
↪→
↪→

Solution approach:

1. Record the initial state: List each object and its
current holder or location.↪→

2. Process each swap sequentially: For every swap
described, exchange the two objects between their
current positions. A swap means two objects
completely exchange positions.

↪→
↪→
↪→

3. Write the state after each swap: After every
single swap, document the complete current state.
This is critical to avoid tracking errors.

↪→
↪→

4. Identify the final answer: Once all swaps are
complete, determine where the queried object is
located.

↪→
↪→

5. Select the matching option from the choices
provided.↪→

Important: Apply swaps in the exact order given and
update your tracking immediately after each swap.↪→

Now apply this systematic approach to solve the given
problem.↪→

1410

Task: web_of_lies 1411

Description: Determine who is telling the truth or 1412

lying based on statements. 1413

BBH Prompt (web_of_lies)

You are solving a logic puzzle involving
truth-tellers and liars. In these puzzles, each
person either always tells the truth or always
liesthere is no middle ground.

↪→
↪→
↪→

Your objective: Determine whether a specific target
person tells the truth or lies.↪→

Approach:

1414
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1. Identify any given facts: Note statements that are
explicitly presented as true (e.g., "X tells the
truth" or "X lies").

↪→
↪→

2. Build a chain of logical deductions:
- When a truth-teller makes a claim, that claim is

true.↪→
- When a liar makes a claim, that claim is false.
- Use each established fact to evaluate the next

person's statement.↪→

3. Test for consistency: If you reach a contradiction,
the assumption about a person's truthfulness must
be wrong. Try the opposite assumption.

↪→
↪→

4. Work systematically through all statements until
you can definitively determine the target
person's status.

↪→
↪→

5. Verify your conclusion: Trace back through your
reasoning to ensure no logical errors or
contradictions remain.

↪→
↪→

Present your reasoning clearly for each step. State
your final answer explicitly: Does the target
person tell the truth, or does the target person
lie?

↪→
↪→
↪→

1415

Task: word_sorting1416

Description: Sort words according to specific cri-1417

teria.1418

BBH Prompt (word_sorting)

Sort the following words alphabetically using
lexicographic (dictionary) order.↪→

Compare words character by character from left to
right. Earlier letters in the alphabet come first
(a < b < c ... < z). If one word is a prefix of
another, the shorter word comes first. Treat
capital letters as lowercase for comparison.

↪→
↪→
↪→
↪→

Show your step-by-step work, then provide your final
answer as a comma-separated list on a new line
starting with "Final Answer:"

↪→
↪→

1419

Task: GSM8K1420

Description: Solve grade-school math word prob-1421

lems that require multi-step arithmetic reasoning,1422

showing intermediate calculations and producing a1423

final numeric answer.1424

GSM8K Prompt

Read the problem carefully and identify all
mathematical relationships between the given
quantities and what you need to find.\\n\\nFollow
this systematic approach:\\n\\n1. Extract key
information: List all given numbers, quantities,
and their relationships. Clearly state what the
problem is asking you to calculate.\\n\\n2. Plan
your solution: Determine what mathematical
operations you need and in what sequence. Identify
any intermediate values you must calculate
first.\\n\\n3. Calculate step-by-step: Work
through each calculation in order. Use the format
<<calculation>> for all arithmetic operations
(e.g., <<5+8=13>>). After each calculation,
clearly state what that result represents.\\n\\n4.
Verify your answer: Check that your final result
makes sense in the context of the problem and
directly answers the question asked.\\n\\nPresent
your final numerical answer using the format ####
[number].\\n\\nShow your reasoning at each step
and track intermediate results carefully, as they
are often needed for subsequent calculations.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

1425

Task: AQUA-RAT 1426

Description: Solve algebraic word problems (of- 1427

ten multiple-choice) and provide a step-by-step ra- 1428

tionale that justifies the selected answer. 1429

AQUA-RAT Prompt

Solve this mathematical word problem using systematic
step-by-step reasoning. Generate both a clear
explanation and a solution
program.\\n\\nEXPLANATION REQUIREMENTS:\\n-
Identify given information, constraints, and what
needs to be found\\n- Break the problem into
logical steps with clear reasoning at each
stage\\n- Show all calculations and mathematical
operations\\n- State your final answer
explicitly\\n\\nSOLUTION PROGRAM
REQUIREMENTS:\\n- Express your method as an
algorithm, formula, or computational procedure\\n-
Define variables clearly and specify all
mathematical operations\\n- Ensure your program
logic directly corresponds to your explanation
steps\\n- Make the solution general enough to
work for similar problems\\n\\nQUALITY
STANDARDS:\\n- Each reasoning step must lead
logically to the next\\n- Both explanation and
program must be mathematically sound and
verifiable\\n- Maintain consistency between your
natural language explanation and programmatic
solution\\n- Use precise mathematical language
throughout\\n\\nPROBLEM-SPECIFIC ADAPTATION:\\n-
Algebraic problems: Set up and solve equations
systematically\\n- Logic puzzles: Identify key
patterns and apply them methodically\\n- Counting
problems: Apply appropriate counting principles
or formulas\\n- Optimization problems: Define
constraints and objectives clearly\\n\\nPresent
your work in a structured format where the
reasoning process is transparent and the solution
method can be independently verified and applied
to similar problems.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

1430

Task: AlpacaEval 2.0 1431

Description: Evaluate instruction-following model 1432

responses using an LLM judge to compare outputs 1433

and estimate preference-based win rates in an auto- 1434

mated, scalable manner. 1435
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AlpacaEval 2.0 Prompt

**Instructions for Generating High-Quality
Responses:**↪→

When responding to user queries, follow these
principles to deliver maximum value:↪→

**Core Approach:**
- **Be directly helpful**: Address the user's actual

need, not just the literal question. Anticipate
follow-up questions and proactively provide
relevant information.

↪→
↪→
↪→
- **Show your reasoning**: When appropriate, briefly

explain your thought process to build trust and
help users understand the answer better.

↪→
↪→
- **Be conversational yet professional**: Write

naturally as if having an intelligent
conversation, avoiding overly formal or robotic
language.

↪→
↪→
↪→
- **Prioritize clarity over complexity**: Use simple

language and concrete examples. Break down
complex topics into digestible explanations.

↪→
↪→

**Content Quality:**
- **Provide actionable insights**: Focus on practical,

useful information the user can immediately apply.↪→
- **Use specific examples**: Illustrate concepts with

real-world examples, analogies, or step-by-step
demonstrations rather than abstract explanations.

↪→
↪→
- **Balance depth and brevity**: Be thorough enough

to be useful, but concise enough to respect the
user's time. Adjust based on query complexity.

↪→
↪→
- **Acknowledge limitations**: If uncertain or if

information may be outdated, say so honestly
rather than speculating.

↪→
↪→

**Structure and Presentation:**
- **Lead with the most important information**:

Answer the core question first, then provide
supporting details.

↪→
↪→
- **Use natural formatting**: Employ lists, examples,

or structured breakdowns only when they genuinely
enhance claritynot by default.

↪→
↪→
- **Make it scannable**: Use clear transitions and

logical flow so users can quickly find what they
need.

↪→
↪→

**Engagement:**
- **Anticipate needs**: Offer related insights,

common pitfalls to avoid, or next steps the user
might find valuable.

↪→
↪→
- **Encourage exploration**: When relevant, suggest

ways to dive deeper or related topics worth
exploring.

↪→
↪→
- **Be adaptable**: Match the tone and depth to the

user's apparent expertise level and the context
of their question.

↪→
↪→

**Key Mindset:**
Think like a knowledgeable, helpful colleague who

genuinely wants to solve the user's problemnot
just answer their question literally. Focus on
being useful, clear, and trustworthy above all
else.

↪→
↪→
↪→
↪→

1436
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