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Abstract

Self-play preference optimization (Wu et al.,001
2025) has emerged as a prominent paradigm002
for aligning large language models (LLMs). It003
typically involves a language model to gen-004
erate on-policy responses for prompts and a005
reward model (RM) to guide the selection of006
chosen and rejected responses, which can be007
further trained with direct preference optimiza-008
tion (DPO). However, the role of prompts re-009
mains underexplored, despite being a core com-010
ponent in this pipeline. In this work, we inves-011
tigate how prompts of varying difficulty influ-012
ence self-play preference optimization. We use013
the mean reward of N sampled responses of a014
prompt as a proxy for its difficulty. We first find015
that difficult prompts exhibit substantially in-016
ferior self-play optimization performance com-017
pared to easy prompts for language models.018
Moreover, incorporating difficult prompts into019
training fails to enhance overall performance020
and, in fact, leads to slight degradation com-021
pared to training on easy prompts alone. Third,022
there is a clear upward trend in optimization023
performance as prompt difficulty decreases.024
We also observe that the performance gap be-025
tween difficult and easy prompts tends to close026
as the model capacity increases, suggesting027
that prompt difficulty interacts with the model028
capacity. Building on these findings, we ex-029
plore strategies to mitigate the adversary ef-030
fect of difficult prompts on final performance.031
We demonstrate that only training on a small032
portion (30%) of the easiest prompts improves033
overall self-play performance on AlpacaEval 2034
and Arena-Hard. We also report failed attempts035
and lessons learned.036

1 Introduction037

Large language models (LLMs) have achieved re-038

markable success in a wide range of natural lan-039

guage processing tasks, but aligning them with040

human values and preferences remains a chal-041

lenge (Brown et al., 2020; Wei et al., 2022; Bai042

et al., 2022; Weidinger et al., 2022; Bubeck et al., 043

2023; Grattafiori et al., 2024; Ji et al., 2025). Rein- 044

forcement learning from human feedback (RLHF) 045

has become a popular approach to align LLMs with 046

human preferences (Stiennon et al., 2020; Etha- 047

yarajh et al., 2022; Ouyang et al., 2022; Tang et al., 048

2024; Qi et al., 2025a). It involves first training a 049

reward model (Gao et al., 2023), which then pro- 050

vides feedback signals to optimize a policy model 051

through reinforcement learning, typically using 052

proximal policy optimization (PPO). To further 053

simplify the procedure, Rafailov et al. (2023) in- 054

troduced Direct Preference Optimization (DPO), 055

which bypasses the need for reward models when 056

optimizing the policy (Gheshlaghi Azar et al., 2024; 057

Ethayarajh et al., 2024; Meng et al., 2024; Kim 058

et al., 2025). However, these methods still heavily 059

rely on manually curated pairwise preference data 060

to effectively optimize policy models (Ethayarajh 061

et al., 2022; Cui et al., 2024; Wang et al., 2024d,c; 062

Raghavendra et al., 2025). 063

Recently, DPO-based self-play preference op- 064

timization (Wu et al., 2025) has emerged to fur- 065

ther enhance the alignment performance of LLMs, 066

which employs standard heuristics or off-the-shelf 067

reward models to select chosen and rejected re- 068

sponses to questions 1 without manual efforts (Tun- 069

stall et al., 2024; Song et al., 2024; Chen et al., 070

2024; Pang et al., 2024; Wu et al., 2025; Li and 071

Khashabi, 2025). For example, multiple response 072

candidates can be sampled from policy models and 073

scored with a reward model to construct preference 074

pairs for DPO. Specifically, the sample with the 075

highest reward is usually selected as the chosen 076

response, while the one with the lowest reward 077

is selected as the rejected response (Meng et al., 078

2024; Li and Khashabi, 2025). Previous work has 079

primarily investigated how reward models and the 080

construction of training pairs contribute to pref- 081

1Prompt and question are exchangeable in this paper.
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erence optimization and overall alignment perfor-082

mance (Tajwar et al., 2024; Gao et al., 2025; Xiao083

et al., 2025; Qi et al., 2025b), while the role of084

prompts has often been overlooked despite being a085

core component of the pipeline.086

In this paper, we fill this gap by focusing on087

the role of prompts in self-play preference opti-088

mization pipeline. Given an LLM, we first propose089

using the mean reward of N sampled responses for090

a prompt as a proxy of its difficulty. Intuitively, a091

lower mean reward indicates a higher difficulty for092

the corresponding prompt. We can sort prompts093

by their mean reward to obtain a difficulty ranking,094

then partition them into subsets of varying diffi-095

culty. Following that, we find that the quartile of096

prompts with the lowest mean reward (highest diffi-097

culty) yields inferior self-play performance than an098

equal number of prompts in the remaining easier099

subset. Furthermore, this quartile of prompts will100

not lead to performance gains when incorporated101

into training with the remaining easier prompts. We102

then attempt to alleviate the hard prompt issue by103

proposing three potential approaches. We find that104

removing a portion of difficult prompts appropri-105

ately will lead to resonable performance gains. We106

have following contributions in this work.107

First, we use the mean reward of N sampled re-108

sponses of a prompt as a measure of its difficulty.109

Our intuition is that prompts with lower mean re-110

wards are considered more difficult than those with111

higher mean rewards, allowing us to sort prompts112

by difficulty. We find that 10 samples per prompt113

suffice to obtain a stable difficulty ranking of the114

questions. In addition, we demonstrate that the115

difficulty of prompts for an LLM can transfer to116

another LLM to some extent. Furthermore, we117

observe that reward models trained with different118

loss design and training datasets have similar dif-119

ficulty assessments, reinforcing the robustness of120

our metric (Section 3).121

Second, we focus on the quartile of prompts122

with the lowest mean rewards, which corresponds123

to the most difficult quartile. We follow the prefer-124

ence pair construction strategy introduced in Meng125

et al. (2024); Li and Khashabi (2025); Xiao et al.126

(2025), which selects the response of the lowest127

reward as the rejected and selects the response of128

the highest reward as the chosen from multiple129

samples. We observe that this quartile of prompts130

tends to yield inferior performance than an equal131

number of prompts from the remaining set when132

training through DPO. In addition, this quartile133

of prompts will not lead to performance improve- 134

ment when mixed with the remaining prompts for 135

training. Furthermore, self-play optimization per- 136

formance is consistently getting better as prompts 137

become easier (Section 4). 138

Third, we attempt to improve the final self-play 139

preference optimization performance of models 140

by mitigating the hard prompt issue: (1) curricu- 141

lum learning (Bengio et al., 2009) that progres- 142

sively trains from easy to hard prompts; (2) improv- 143

ing the quality of the chosen response for difficult 144

prompts; and (3) only keeping a small portion of 145

easy prompts (pruning hard ones). We find that 146

pruning difficult prompts is simple yet effective, 147

whereas training from easy to hard prompts and 148

improving chosen responses do not translate into 149

final performance gains in our setting (Section 5). 150

To conclude, we highlight the overlooked role 151

of prompts in self-play preference optimization in 152

this work. We establish mean reward as a practical 153

proxy for prompt difficulty, and show that difficult 154

prompts contribute little to alignment. We show 155

the performance difference between hard and easy 156

prompts when optimizing policy models with DPO. 157

We also share our attempts to mitigate this issue, 158

including the unsuccessful trials. We encourage 159

future research to revisit the design and utilization 160

of prompts in alignment pipelines, ensuring that 161

self-play preference optimization fully leverages 162

prompts of varying difficulty rather than being hin- 163

dered by it. 164

2 Background 165

2.1 Direct Preference Optimization 166

Different from RLHF, which compresses human 167

preferences into a reward model, DPO (Meng et al., 168

2024) directly aligns language models with human 169

preferences. DPO is one of the most widely used 170

methods for preference optimization, which refor- 171

mulates the reward function r into a closed-form 172

expression aligned with the optimal policy model. 173

r(x, y) = β log
πθ(y|x)
πref(y|x)

+ β logZ(x) 174

where πθ denotes the policy model, πref rep- 175

resents the reference model (usually the super- 176

vised fine-tuned checkpoint), and Z(x) is the parti- 177

tion function. By embedding this reward formula- 178

tion into the Bradley-Terry (BT) ranking frame- 179

work (Bradley and Terry, 1952), the probabil- 180

ity of preference p(yw > yl|x) is calculated as 181
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Figure 1: We show the mean reward distribution of N sampled responses per prompt on LLAMA-3.1-TULU-3-8B-
SFT and MISTRAL-7B-INSTRUCT-V0.2 for prompts of UltraFeedback (Cui et al., 2024). We find 10 samples per
prompt are sufficient to obtain a stable estimate.

σ(r(x, yw)−r(x, yl)), where σ is the sigmoid func-182

tion. Accordingly, DPO circumvents reliance on183

a reward model by directly leveraging the policy184

model, which yields the following objective.185

LDPO(πθ;πref) =186

− E(x,yw,yl)∼D

[
log σ(r(x, yw)− r(x, yl))

]
187

where r(x, y) = β log πθ(y|x)
πref(y|x) .188

2.2 Preference Pair Construction189

Given an LLM, a reward function, and a pool of190

prompts, n candidate responses can be sampled for191

each prompt from language models. The reward192

function (e.g., a reward model) is then used to score193

these responses. In general, responses that receive194

higher reward scores tend to correspond to higher-195

quality outputs.196

For each prompt, the response with the highest197

reward is selected as the chosen response, while198

the response with the lowest reward is selected199

as the rejected response to form a preference pair.200

Previous work has shown that using as few as 5201

samples per prompt is sufficient to achieve sig-202

nificant performance gains (Meng et al., 2024; Li203

and Khashabi, 2025). In this work, we adopt this204

pipeline to construct preference pairs of prompts205

for DPO.206

3 Mean Sample Reward as a Proxy of207

Prompt Difficulty208

The first question in our study of self-play prefer-209

ence optimization is how to quantify the difficulty210

of a prompt for an LLM. In this section, we elab-211

orate on how to measure prompt difficulty based212

on the mean reward of multiple sampled responses.213

In addition, we statistically demonstrate that our214

difficulty ranking is transferable to some extent215

between LLMs (RMs).216

3.1 Definition of Prompt Difficulty 217

Given a set of questions D = {Pi}ki=1, we sample 218

N candidate responses per prompt from the policy 219

model πθ and score them with a reward model r. 220

The reward of N candidate samples of the i-th 221

prompt is {rij}Nj=1. The mean of these N reward 222

values is then used as a proxy for the difficulty of 223

the prompt: 224

D(Pi) =
1

N

N∑
j=1

rij . 225

Our intuition is straightforward: prompts with 226

lower mean rewards are generally harder for LLMs, 227

since they consistently elicit lower-quality re- 228

sponses across multiple samples, whereas prompts 229

with higher mean rewards are easier. This allows us 230

to rank or partition prompts into subsets according 231

to their estimated difficulty score. 232

Experimental Details. For policy models, we 233

employ LLAMA-3.1-TULU-3-8B-SFT (Lambert 234

et al., 2025) and MISTRAL-7B-INSTRUCT-V0.2 2. 235

To compute rewards, we leverage the publicly avail- 236

able reward model SKYWORK-REWARD-LLAMA- 237

3.1-8B-V0.2 (Liu et al., 2024a). Our implemen- 238

tation is based on vLLM (Kwon et al., 2023) for 239

efficient inference with a temperature of 0.8 and a 240

maximal generation length of 2048. Our prompts 241

are from UltraFeedback (Cui et al., 2024), which 242

covers more than 61K prompts of high quality from 243

diverse domains. 244

Observation. As shown in Figure 1, we present 245

the mean reward distribution of 1, 10, and 20 sam- 246

ples per prompt from UltraFeedback (Cui et al., 247

2024). Generally, increasing the sampling bud- 248

get produces more stable and consistent estimates 249

2For brevity, we may refer to them as Tulu and Mistral in
the rest of this paper.
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Method Llama-3.1-Tulu-3-8B Mistral-7B-Instruct-v0.2

LC (%) WR (%) Length LC (%) WR (%) Length

Original Model 18.10 10.90 1115 17.63 14.68 1594

Hard Prompts 24.23 18.78 1502 25.96 23.11 1718

Easier Prompts
Run 1 29.61 31.93 2101 28.81 29.07 2044
Run 2 28.15 30.99 2115 28.32 28.53 2032
Run 3 30.83 33.35 2121 28.73 27.32 2017

Average (Easier Prompts) 29.53 32.09 2112 28.62 28.31 2031

Table 1: The quartile of hardest prompts (bottom 25%) underperforms a equal number of easier prompts sampled
from remaining 75% on AlpacaEval 2. Last row denotes results averaged over three runs for easier prompts.

of relative prompt difficulty. In our experiment,250

we observe that the mean reward of 10 samples251

per prompt can provide a stable estimate, which252

is very close to the distribution of 20 samples per253

prompt 3. Therefore, we use the mean reward of254

10 samples per prompt as a proxy for question dif-255

ficulty throughout this work.256

To validate the metric, we sample 200 questions257

from each quartile of prompts sorted by descend-258

ing mean reward, assigning difficulty labels 1, 2,259

3, 4 accordingly. We then ask GPT-4O to indepen-260

dently annotate the those questions with difficulty261

levels from 1 to 10. We additionally map the dif-262

ficulty predictions of GPT-4O into four equally263

sized bins, yielding labels 1, 2, 3, 4. The two la-264

bels agree in more than 85% of cases, indicating a265

strong alignment between our difficulty metric and266

the judgments of GPT-4O.267

3.2 Transferability Across Models268

An additional question is whether prompt difficulty,269

measured by mean reward, is model-specific or270

generalizable. To investigate this, we compare the271

difficulty rank of the whole prompt set for Tulu272

and Llama. We find that the Spearman score be-273

tween Tulu and Llama is about 0.68. And there274

are more than 9,000 common prompts in the most275

difficult quartile of prompts for Tulu and Llama.276

Our results show that prompts identified as difficult277

for one model tend to remain difficult for another278

one, suggesting that relative prompt difficulty is not279

strictly tied to a single policy model but is transfer-280

able across LLMs to some extent. More exploration281

of transferability between reward models can be282

found in Appendix A.1.283

3We also have a Kolmogorov–Smirnov (KS) test between
the reward distribution of 10 and 20 samples per prompt. It
turns out that the p-value is lower than 0.05, which further
supports that 10 samples per prompt are sufficient here.

4 Impact of Prompt Difficulty on 284

Self-Play Preference Learning 285

In this section, we mainly study the hardest quar- 286

tile (bottom 25%) of prompts. We observe that, 287

given the same number of prompts, hard prompts 288

underperform easy ones. Additionally, excluding 289

this quartile of prompts from the full set results in 290

slight but consistent gains in overall performance. 291

Furthermore, we observe a monotonic improve- 292

ment in optimization performance as the prompt 293

difficulty decreases. In the end, we point out that 294

the performance gap between this hard quartile and 295

easier prompts may be closed if policy models are 296

sufficiently capable. 297

Experimental Details. We first sort prompts in 298

UltraFeedback (Cui et al., 2024) by the difficulty 299

score introduced in Section 3. We use LLAMA-3.1- 300

TULU-3-8B-SFT and MISTRAL-7B-INSTRUCT- 301

V0.2 as policy models to sample responses for 302

preference pair construction and further train with 303

DPO (Rafailov et al., 2023). We employ the pub- 304

licly available reward model SKYWORK-REWARD- 305

LLAMA-3.1-8B-V0.2 to score responses. We fol- 306

low the strategy in Section 2.2 to construct pref- 307

erence pairs by sampling 5 responses per prompt 308

for DPO. We evaluate model performance on Al- 309

pacaEval 2 (Dubois et al., 2023, 2024), which is 310

the most widely used benchmark in this field. Al- 311

pacaEval 2 consists of 805 questions from multiple 312

domains and tasks, which enables a comprehensive 313

assessment of LLMs. Both length-controlled win 314

rate and vanilla win rate 4 are reported. The decod- 315

ing temperature is 0.9 and 0.7 for Tulu and Mistral 316

during evaluation, respectively. More details about 317

training can be found in Appendix A.2. 318

4For brevity, we refer to length-controlled win rate as LC
and refer to win rate as WR in most tables and figures of this
paper.
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Figure 2: We present the results of dropping the most difficult quartile of prompts and the full set results on
AlpacaEval 2. We can see that incorporating the hardest quartile of prompts into training may hurt the final
performance of models.

4.1 Harder Prompts Underperform Easier319

Prompts320

We examine the hardest quartile (bottom 25%) of321

prompts and compare it to subsets drawn from the322

remaining easier set. Specifically, we sample an323

equal number of prompts from the remaining set324

with three different seeds to ensure a fair and robust325

evaluation. This approach reduces the variance in-326

troduced by random selection and provides a more327

reliable evaluation. We also aggregate the results328

by averaging over the three runs, which allows us to329

better capture the performance difference between330

the hardest quartile and other easier prompts. We331

show their result training through DPO in Table 1.332

Across both backbone models (Tulu and Mistral)333

and multiple random realizations, performance on334

the most difficult 25% of prompts exhibits lower335

performance than that of random subsets from the336

remaining pool in both length-controlled win rate337

and vanilla win rate. These results highlight an338

underlying weakness of self-play preference opti-339

mization when applied to hard prompts.340

Observation. The hardest quartile of
prompts produces smaller performance gains,
limiting effective optimization under DPO.

341

4.2 Hard Prompts Hurt Final Performance342

To further examine the impact of the most difficult343

quartile of prompts on final performance, we train344

models with and without this subset under DPO.345

In the case without this quartile of prompts, the346

performance of two backbone models (Tulu and347

Mistral) improves on AlpacaEval 2 (Figure 2) de-348

spite discarding 25% of the training data, which349

also saves 25% of the computing costs. We can ob-350
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Figure 3: Performance improves as prompts are getting
easier from first to fourth quartile.

serve a slight but consistent improvement in terms 351

of vanilla win rate and length-controlled win rate, 352

indicating the gains are not attributable to longer re- 353

sponses or verbosity effects. In practice, this means 354

that naive scaling of self-play data without account- 355

ing for prompt difficulty may yield diminishing or 356

even negative returns. It highlights the trade-off be- 357

tween prompt quantity and prompt difficulty, which 358

is of practical significance. 359

Observation. Incorporating hard prompts
into training often hurts final performance.

360

4.3 An Upward Trend as Prompt Difficulty 361

Decreases 362

We further divide the full prompt set into four quar- 363

tiles according to their difficulty scores, ordered 364

from the most challenging to the easiest. For each 365

quartile, we train an independent DPO model, and 366

the resulting performance trend is presented in Fig- 367

ure 3. A consistent pattern emerges: models trained 368

on easier prompts outperform those trained on more 369

difficult ones, with performance increasing mono- 370

tonically from the first to the fourth quartile. This 371

observation highlights the sensitivity of preference- 372

based optimization to the underlying prompt diffi- 373
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Method LC(%) WR(%) Len.

Original Model 23.75 24.23 1972

Hard Prompts 34.31 38.32 2059

Easier Prompts
Run 1 34.59 38.32 2212
Run 2 34.45 38.62 2223
Run 3 35.25 39.19 2230

Average (Easier Prompts) 34.76 38.71 2221

Table 2: We find that LLAMA-3.1-8B-INSTRUCT ex-
hibits no significant performance gap between hard
prompts and easier prompts, which suggests that in-
creased model capacity can make model more tolerant
to hard prompts to even close the performance gap.

culty distribution and suggests that easier prompts374

provide better optimization performance.375

Observation. Self-play preference optimiza-
tion performance can consistently improve as
prompts are getting increasingly easy.

376

4.4 The Gap May Be Closed If LLMs Are377

Strong Enough378

The impact of prompt difficulty is not uniform379

across LLMs of varying capacity. Although weaker380

policy models such as TULU-3-8B-SFT suffer381

from a clear performance gap between hard and382

easier prompts (Section 4.1), this trend does not383

hold for a stronger model such as LLAMA-3.1-8B-384

INSTRUCT. Table 2 shows that LLAMA-3.1-8B-385

INSTRUCT, a more capable model, achieves compa-386

rable performance on hard and easy prompts, with387

almost no gap in length-controlled win rate and388

vanilla win rate.389

This finding suggests that the interplay between390

model capacity and prompt complexity influences391

the effect of challenging prompts. For weaker392

models, hard prompts tend to underperform eas-393

ier prompts when performing self-play preference394

optimization. In contrast, stronger models are more395

robust to prompts of varying difficulty.396

Although sufficiently capable models may397

bridge the performance gap on hard prompts398

of UltraFeedback used as a testbed in this work,399

the existence of hard prompts in the real world400

remains unavoidable. This underscores the practi-401

cal importance of our work, which also motivates402

us to study prompts for self-play optimization.403

Method LC (%) WR (%) Len.

Full Set 34.37 36.46 2101

Easy→Hard 33.78 34.84 2093

Chosen in 20 Samples
k=20(%) 33.64 36.09 2129
k=40(%) 33.17 34.47 2071

Chosen from Llama-3-70B
k=20(%) 34.41 38.05 2238
k=40(%) 26.08 32.96 2659

Table 3: We present our attempts that fail to improve
the performance on AlpacaEval 2 on Tulu. They are (1)
training from easy to hard prompts, (2) increasing the
number of samples to select the chosen response, (3)
sampling chosen responses from more capable models.

Observation. The performance gap between
difficult and easy prompts may diminish when
the capacity of LLMs is strong enough.

404

5 How to Mitigate the Difficult Prompt 405

Issue 406

Our findings suggest that difficult prompts, as iden- 407

tified by their low mean sample rewards, tend to 408

underperform in self-play preference optimization 409

and can even slightly degrade overall performance. 410

In this section, we investigate three strategies to 411

mitigate the adverse impact of difficult prompts 412

while also documenting unsuccessful attempts to 413

provide a comprehensive account of our study. We 414

adopt the experimental settings from Section 4, un- 415

less otherwise stated. 416

5.1 Unsuccessful Attempts And Implications 417

Training from Easy to Hard Prompts. Inspired 418

by curriculum learning (Bengio et al., 2009; Graves 419

et al., 2017), we propose to train models progres- 420

sively, starting with easy prompts and gradually 421

incorporating more difficult ones. The difficulty 422

score of the prompts, based on the mean reward of 423

sampled responses, serves as a natural foundation 424

for constructing such a curriculum. This setup en- 425

ables us to assess whether curriculum learning can 426

enhance the standard approach of training on the 427

entire prompt set in random order. 428

As shown in Table 3, this curriculum learning 429

paradigm does not improve performance over train- 430

ing on the full dataset in random order for the Tulu 431

model in our setting. 432

Constructing Better Preference Pairs. One 433

hypothesis for the limited contribution of hard 434
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Method
Llama-3.1-Tulu-3-8B Mistral-7B-Instruct-v0.2

AlpacaEval 2 Arena-Hard AlpacaEval 2 Arena-Hard

LC (%) WR (%) WR (%) LC (%) WR (%) WR (%)

Full Dataset 34.37 36.46 38.8 29.24 29.94 21.2
Random 33.48 35.45 34.1 27.88 38.01 20.2

Ours 38.89 45.78 40.1 31.43 39.01 23.1

Table 4: We report evaluation results on ALPACAEVAL 2 and ARENA-HARD V0.1. For our method, we keep only
30% easiest prompts (lowest difficulty score) on Llama-3.1-Tulu-3-8B and Mistral-7B-Instruct-v0.2 respectively.
Random means that we keep 30% prompts randomly from full dataset.

prompts is that their chosen responses are more435

likely to exhibit lower quality, which may hinder436

self-play preference optimization. And a language437

model may struggle to generate high-quality re-438

sponses within a budget of only 5 samples per439

prompt. Thus, we tried to generate better chosen re-440

sponses for the most difficult k percent of prompts441

by increasing the sample budget to 20 samples per442

prompt (Xiao et al., 2025). By selecting the com-443

pletion of the maximal reward score in 20 samples444

as the chosen response for the most difficult k per-445

cent of prompts, we construct less noisy preference446

pairs for DPO. In addition, we also tried to sample447

chosen responses for the most difficult k percent448

of prompts from a more capable LLM, LLAMA-3-449

70B-INSTRUCT.450

The results of these strategies can also be found451

in Table 3. Both approaches do not produce better452

performance compared to the results of the full set,453

whose sample budget is 5 per prompt. These find-454

ings rule out the possibility that the hard prompt455

issues arises from low quality chosen responses,456

and instead suggest that it is fundamentally con-457

strained by the model’s capacity.458

Implication. Improving the quality of cho-
sen responses for hard prompts does not en-
hance self-play preference optimization, rein-
forcing our view that the impact of difficult
prompts may be intrinsically constrained by
models’ capacity.

459

5.2 A Simple Solution: Train on A Small460

Portion of Easy Prompts461

Based on our findings in Section 4, which shows462

that dropping the hardest quartile improves final463

performance, we examine an adaptive pruning strat-464

egy in this section. Specifically, we first rank465

prompts by their difficulty scores and retain the 466

easiest k percent of prompts before constructing 467

preference pairs for DPO. The value of k, which 468

controls the fraction of prompts kept as well as the 469

difficult prompts removed, depends on the prompt 470

difficulty and the capacity of the models. In prac- 471

tice, k can be tuned with a benchmark such as 472

AlpacaEval 2. 473

Experimental Details. We mainly follow the ex- 474

perimental setting described in Section 4. We retain 475

30 (k=30) percent of the easiest prompts for Tulu 476

and Mistral, respectively. We evaluate model per- 477

formance on AlpacaEval 2 (Dubois et al., 2023, 478

2024) and Arena-Hard v0.1 (Li et al., 2024). More 479

details can be found in Appendix A.2. 480

In addition to results of the full dataset, we 481

also include the results of retaining 30 percent of 482

prompts for Tulu and Mistral randomly, which are 483

named Random. 484

Results. As shown in Table 4, our method outper- 485

forms the complete set and random results on Al- 486

pacaEval 2 and Arena-Hard, with significantly less 487

training compute. The results support our hypothe- 488

sis that difficult prompts do not help the preference 489

optimization process, limiting effective learning. 490

In contrast, removing a controlled portion of the 491

hardest prompts not only improves performance, 492

but also reduces training cost. This suggests that 493

pruning strategies based on prompt difficulty can 494

serve as a simple yet effective approach to enhance 495

the efficiency of self-play preference optimization 496

pipelines. We find consistent results on more re- 497

ward models, which can be found in Appendix A.3. 498

Keeping Varying Portion of Easiest Prompts. 499

To further investigate the sensitivity of self-play 500

optimization to the proportion of easiest prompts 501

kept, we vary k from 10 to 50 and report the results 502
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Figure 4: We present the performance of model on
AlpacaEval 2 as we change k from 10 to 50 percent on
Tulu. Performance first improves and then degrades as
we retain more and more harder prompts. Performance
reaches its peak when we train on only 30 percent of
easy prompts (without 70% hard prompts).

in Figure 4. We find that the model performance503

increases steadily as k grows from 10 to 30, with504

the peak performance observed at k=30. Beyond505

this point, incorporating more prompts begins to506

degrade performance. This trend suggests that in-507

corporating more and more difficult prompts may508

ultimately hurt optimization. In general, these re-509

sults reinforce the conclusion that prompt difficulty510

serves as an effective criterion for adaptive pruning511

in preference optimization. More experiments can512

be found in Appendix A.4.513

6 Related Work514

Training Sample Selection. Training sample se-515

lection is a long–standing lever for both general-516

ization and computational efficiency (Kumar et al.,517

2010; Zhang et al., 2025; Deng et al., 2025). For518

instance, LIMA (Zhou et al., 2023) shows that a519

carefully curated small instruction set can deliver520

surprisingly effective alignment, reinforcing a “less521

is more” perspective (Muennighoff et al., 2025).522

In preference learning, sample selection has op-523

erated chiefly at the response level, e.g., RAFT-524

style (Dong et al., 2023) filtering and statistical525

rejection that keep high-quality chosen responses526

and prune noisy pairs, or mixing rules for off- vs.527

on-policy data. Still, recent work sharpens the prin-528

ciple to account for example difficulty vs. model529

capacity. Specifically, Gao et al. (2025) shows530

that overly difficult preference examples can hin-531

der alignment, which filters such items and yields532

gains in instruction following (Dubois et al., 2023).533

Reinforcement Learning from Human Feed-534

back. RLHF is a leading paradigm for aligning535

large language models with human preferences in536

natural language generation (Ouyang et al., 2022; 537

Touvron et al., 2023). RLHF has been adapted to 538

achieve goals such as reducing toxicity, improving 539

safety, and reasoning (Zhao et al., 2023; Qi et al., 540

2024; Wu et al., 2023; Dai et al., 2024; Yu et al., 541

2024). Nevertheless, it can suffer from training 542

instability and operational complexity inherent to 543

reinforcement learning, as well as its multistage 544

design, which may introduce biases and encourage 545

verbose outputs. DPO (Rafailov et al., 2023) and 546

its variants (Meng et al., 2024; Ethayarajh et al., 547

2024; Han et al., 2024) were proposed to mitigate 548

these issues by directly fitting the policy model 549

to pairwise preference data, thereby removing the 550

explicit reward-modeling phase and simplifying 551

optimization. As more capable reward models 552

have become publicly available (Jiang et al., 2023; 553

Wang et al., 2024b,a; Liu et al., 2024b), a com- 554

mon practice (Dong et al., 2023; Liu et al., 2024c; 555

Meng et al., 2024; Li and Khashabi, 2025) is to use 556

them to score and select self-generated samples, 557

enabling DPO-based training (Tajwar et al., 2024; 558

Dong et al., 2023, 2024; Agarwal et al., 2024; Chen 559

et al., 2025; Shirali et al., 2025). 560

7 Conclusion 561

In this work, we investigate the often-overlooked 562

role of prompts in self-play preference optimiza- 563

tion. We introduce the mean reward of multiple 564

sampled responses as a practical proxy for prompt 565

difficulty, showing that difficult prompts consis- 566

tently underperform easier ones in self-play pref- 567

erence optimization. Through systematic analysis, 568

we demonstrate that incorporating these difficult 569

prompts does not improve performance but slightly 570

degrades it. We further find that stronger mod- 571

els can nearly narrow this gap, underscoring the 572

interaction between model capacity and prompt 573

difficulty. We also explore several strategies to 574

mitigate the hard prompt issue. Although curricu- 575

lum training and the construction of higher-quality 576

preference pairs failed to yield improvements, a 577

simple strategy of training on only a small frac- 578

tion of easy prompts proved effective. In general, 579

our findings suggest that prompt difficulty deserves 580

careful consideration in self-play preference op- 581

timization, ensuring that preference optimization 582

can fully leverage available data without being hin- 583

dered by inherently difficult prompts. 584
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Limitations585

First, we focus on Direct Preference Optimiza-586

tion (DPO) in this work, which is currently the587

most widely used preference optimization algo-588

rithm. However, our conclusions are not specific589

to DPO and can be extended to other preference590

optimization methods, which we leave for future591

work. Second, we use the mean reward score as592

a practical proxy for measuring prompt difficulty.593

This metric may not be perfect, considering its ac-594

curacy can be influenced by biases in the training595

data and loss design of reward models. But it of-596

fers a cheap, scalable, and applicable solution. We597

further validate its effectiveness through LLM-as-598

Judge comparison and additional empirical results.599

Looking forward, we plan to investigate ensembles600

of reward models drawn from diverse families to601

reduce bias and further improve the robustness of602

our difficulty estimates.603
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A Appendix 1001

A.1 Transferability between Reward Models 1002

We also explore the difficulty transferability 1003

between different reward models, SKYWORK- 1004

REWARD-LLAMA-3.1-8B-V0.2 and ARMORM- 1005

LLAMA3-8B-V0.1 (Wang et al., 2024b). They are 1006

training with different loss design and data. We 1007

find that the difficulty scores between them com- 1008

puted with 10 samples per prompt have a Spearman 1009

score about 0.72. In addition, there are more than 1010

9.4k common prompts in the most difficult quartile 1011

between them. This result shows that prompts iden- 1012

tified as difficult for a reward model tend to remain 1013

difficult for another one, suggesting that prompt 1014

difficulty is transferable across reward models to 1015

some extent. 1016

A.2 Implementation Details 1017

Training Hyperparameter. For all of our ex- 1018

periments, we use Trl (von Werra et al., 2020) 1019

for training. Initially, we performed hyperparam- 1020

eter sweeps for β = {0.01, 0.05, 0.1, 0.5} and 1021

max learning rate = {3e−7, 5e−6, 1e−6} as ini- 1022

tial exploration. We train LLAMA-3.1-TULU-3- 1023

8B-SFT with β = 0.01 and max learning rate 1024

= 3e−7 and train MISTRAL-7B-INSTRUCT-V0.2 1025

with β = 0.05 and max learning rate = 3e−7 We 1026

employ 10% of steps as training warmup. 1027
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Evaluation Hyperparameter. We maintain a1028

maximal generation length, 2048, for both mod-1029

els. The temperature for MISTRAL-7B-INSTRUCT-1030

V0.2 is 0.7 and is 0.9 for LLAMA-3.1-TULU-3-8B-1031

SFT when evaluating AlpacaEval 2. For Arena-1032

Hard, the maximal length is 4098 for both models1033

and we use default temperature 0.1034

A.3 Results on More Reward Models1035

In this part, we demonstrate the effectiveness of re-1036

moving the most difficult k percent of prompts for1037

LLAMA-3.1-TULU-3-8B-SFT on more reward1038

models, ARMORM-LLAMA3-8B-V0.1 (Wang1039

et al., 2024b) and LLAMA-3.1-8B-INSTRUCT-1040

RM-RB2 (Malik et al., 2025). Specifically, we1041

remove the most difficult 70% of prompt and evalu-1042

ate the model after DPO training with AlpacaEval 2.1043

The results are shown in Table 5. Our conclusions1044

hold across different reward models.1045

Method ArmoRM-Llama3-8B-v0.1

LC WR Length

full 36.39 39.13 2313
random 35.12 34.67 1933
our 39.45 41.34 2032

Method Llama-3.1-8B-Instruct-RM-RB2

LC WR Length

full 37.59 37.83 2045
random 35.03 34.26 2044
our 40.09 41.67 2096

Table 5: We demonstrate the validity of removing hard
prompts on more reward models, ARMORM-LLAMA3-
8B-V0.1 and LLAMA-3.1-8B-INSTRUCT-RM-RB2.

A.4 Keeping Varying Portion of Easy1046

Prompts for Mistral1047

We vary k from 10% to 40% and report the re-1048

sults in Figure 5. There is an increasing trend as1049

k grows from 10% to 30%, with the peak perfor-1050

mance observed at k = 30%. Beyond this point,1051

incorporating more difficult prompts begins to de-1052

grade performance.1053

10 20 30 40
Percentage of Easy Prompts Kept (%)

25

30

35

40

W
in

 R
at

e 
(%

)
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WR

Figure 5: We present the performance of model on Al-
pacaEval 2 as we change k from 10 to 40 percent on
Mistral. Performance first improve and then degrade
as we incorporate more and more hard prompts. Per-
formance reaches peak when we use only about 30%
percent of easiest prompts.
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