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Abstract001

With the rapid development of large language002
models (LLMs), generative reward models003
(GRMs) have been widely adopted for reward004
modeling and evaluation. Previous studies005
have primarily focused on training special-006
ized GRMs by optimizing them on preference007
datasets with the judgment correctness as super-008
vision. While it’s widely accepted that GRMs009
with stronger problem-solving capabilities typ-010
ically exhibit superior judgment abilities, we011
first identify a significant solve-to-judge gap012
when examining individual queries. Specifi-013
cally, the solve-to-judge gap refers to the phe-014
nomenon where GRMs struggle to make cor-015
rect judgments on some queries (14%-37%),016
despite being fully capable of solving them.017
In this paper, we propose the Solve-to-Judge018
(S2J) approach to address this problem. Specif-019
ically, S2J simultaneously leverages both the020
solving and judging capabilities on a single021
GRM’s output for supervision, explicitly link-022
ing the GRM’s problem-solving and evaluation023
abilities during model optimization, thereby024
narrowing the gap. Our comprehensive experi-025
ments demonstrate that S2J effectively reduces026
the solve-to-judge gap by 16.2%, thereby en-027
hancing the model’s judgment performance by028
5.8%. Notably, S2J achieves state-of-the-art029
(SOTA) performance among GRMs built on030
the same base model while utilizing a signifi-031
cantly smaller training dataset. Moreover, S2J032
accomplishes this through self-evolution with-033
out relying on more powerful external models034
for distillation.035

1 Introduction036

As Large Language Models (LLMs) continue to037

evolve rapidly, a variety of evaluation paradigms038

have been proposed to accurately evaluate the039

quality of their responses. This is not only040

crucial for providing accurate reward signals in041

post-training (Ouyang et al., 2022; Bai et al.,042

2022; Wang et al., 2024a), but also important043

for automated evaluation and benchmark construc- 044

tion (Zheng et al., 2023; Dubois et al., 2024). 045

Among them, Generative Reward Models (GRMs) 046

have been proposed as a solution, which treats eval- 047

uation as a capability of LLMs and leverages LLMs 048

to evaluate other LLMs (Zheng et al., 2023; Li et al., 049

2025). Unlike scalar reward models, which only 050

output a single numerical score (Liu et al., 2024a; 051

Lambert et al., 2024), GRMs utilize the generative 052

capabilities of LLMs to produce an interpretable 053

analysis before rendering a verdict. Due to the extra 054

analysis process, GRMs often lead to more accu- 055

rate judgments (Gu et al., 2024; Li et al., 2025). 056

LLM-as-a-Judge represents the first proposed 057

generative reward model method, which is sim- 058

ply implemented through basic prompt engineer- 059

ing technique (Zheng et al., 2023; Saha et al., 060

2023; Zhong et al., 2025). Subsequently, re- 061

searchers employ methods such as Supervised Fine- 062

Tuning (SFT) and Direct Preference Optimization 063

(DPO) (Rafailov et al., 2023) to train specialized 064

models on judging tasks (Yu et al., 2025a; Wang 065

et al., 2024c; Ye et al., 2024b; Wang et al., 2024b; 066

Zhang et al., 2025), thereby enhancing their judg- 067

ing capabilities. More recently, some studies have 068

treated generative reward modeling as a reasoning 069

task, aiming to incentivize deep thinking abilities 070

in judgment tasks of GRMs through Reinforcement 071

Learning with Verifiable Rewards (RLVR) (Chen 072

et al., 2025; Guo et al., 2025b; Whitehouse et al., 073

2025; Huang et al., 2025). The correctness of judg- 074

ment naturally serves as the reward signal for opti- 075

mization in this process. 076

A common consensus in the community sug- 077

gests that LLMs with stronger problem-solving 078

abilities also possess stronger judgment capabili- 079

ties (Lambert et al., 2024; Malik et al., 2025; Liu 080

et al., 2024c; Tan et al., 2024). However, by exam- 081

ining individual queries, we observe an interesting 082

phenomenon: sometimes an LLM can correctly 083

solve a query, yet when tasked with evaluating a 084
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response to that same query, it fails to successfully085

analyze the query and then produce wrong judg-086

ment. To further examine the phenomenon, we087

then conduct a broader investigation into this phe-088

nomenon and draw two key findings: (1) On aver-089

age, LLMs with superior problem-solving abilities090

indeed exhibit better judgment capabilities, align-091

ing with previous research (Lambert et al., 2024).092

(2) At the individual query level, we discover that093

models are not consistently able to correctly eval-094

uate queries, even when they are fully capable of095

solving that same query, revealing what we term096

solve-to-judge gap. Further investigation indicates097

that this gap emerges from a degradation in solv-098

ing performance when models shift from solving099

scenarios to evaluation scenarios.100

In this paper, we introduce Solve-to-Judge (S2J)101

to address this problem by incorporating rewards102

for problem-solving during the judging process,103

rather than focusing solely on judging correctness104

for optimization. For judging correctness, we fol-105

low previous work (Guo et al., 2025b; Chen et al.,106

2025) to provide a higher reward if the model pro-107

duces the correct judgment result. For problem-108

solving capability during the judging process, we109

require the model to first solve the user’s query110

itself before executing the judgment. We consider111

two scenarios: if the query has a ground truth (like112

mathematics problems with numerical solutions),113

we use rule-based methods to verify the correct-114

ness of the self-generated solution. If the query115

is a subjective task without a ground truth (such116

as creative writing), we employ a separate scalar117

reward model as a scorer to assign the reward. To118

ensure accuracy, we only apply the scalar reward119

model when its judgment result is correct.120

We evaluate our approach on four reward model121

benchmarks, including PPE Correctness (Frick122

et al., 2024), PPE Preference (Frick et al.,123

2024), Reward Bench (Lambert et al., 2024), and124

RMB (Zhou et al., 2024). Our S2J achieves sub-125

stantial improvements over the base model, with126

average judgment accuracy increasing from 67.0%127

to 72.7%. Moreover, our method outperforms the128

current SOTA open-source model built on the same129

model series while using significantly less train-130

ing data. More importantly, we use the probabil-131

ity of incorrect judgment given correct solution132

P (j = 0 | s = 1) to measure the solve-to-judge133

gap. Our model reduces this gap by 16.2% com-134

pared to the base model, showing a 9.6% improve-135

ment over SOTA which reduce it by 6.6%, and a136

9.3% improvement over using only correct judg- 137

ment results as rewards which reduced it by 6.9%. 138

Our in-depth analyses show that S2J indeed ef- 139

fectively enable models to leverage their intrinsic 140

problem-solving knowledge for judging tasks, pro- 141

viding evidence for our claims. 142

Our contributions can be summarized as: 143

• We first reveal and identify the solve-to-judge 144

gap problem through extensive experiments. We 145

point out that current GRMs fail to correctly 146

evaluate 14%-37% of problems they can accu- 147

rately solve, establishing the comprehensive un- 148

derstanding of the solve-to-judge gap limitation. 149

• We introduce S2J, an approach that narrows 150

the solve-to-judge gap by jointly optimizing for 151

judging capability and solving capability, ef- 152

fectively reducing the solve-to-judge gap and 153

thereby improving the judgment capability of 154

GRMs. 155

• We demonstrate S2J’s significant reduction in 156

the solve-to-judge gap (-16.2%) and improve- 157

ment in model’s judgment performance (+5.8%) 158

across multiple benchmarks. 159

2 The Solve-to-Judge Gap: An Empirical 160

Analysis 161

2.1 Task Definition 162

In this paper, we focus on the pairwise judging task, 163

which evaluates a model’s ability to compare and 164

select the better response between two candidates. 165

Formally, we consider a preference dataset: 166

D = {(x(i), y(i)a , y
(i)
b , l(i))}Ni=1, (1) 167

where x is an input prompt, (ya, yb) is a pair of 168

candidate responses, and l ∈ {a, b} is a preference 169

label indicating which response is preferred. 170

2.2 Reinforcement Learning with Verifiable 171

Outcome Reward 172

Recent studies (e.g., RM-R1 (Chen et al., 2025), 173

RRM (Guo et al., 2025b)) have preliminarily ex- 174

plored using the outcome reward as the reward 175

signal for RLVR to optimize a generative reward 176

model on preference datasets. Formally, given 177

an input triplet (x, ya, yb, l), the generative reward 178

model πθ produces a trajectory: 179

τ = (c, l̂) ∼ πθ(· | x, ya, yb), (2) 180

where c is the reasoning chain which may include 181

understanding and solving the problem, analysis 182
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Figure 1: An empirical analysis of the relationship between solving and judging capabilities. (a) A positive
correlation exists between solving and judging accuracy. Judging accuracy surges to a convergence zone of 95%
when the model is provided with the ground-truth answer. (b) A breakdown of judging performance on problems
the model solves correctly. The green portion represents the accuracy of correct judgments (P (j = 1|s = 1)), while
the gray portion quantifies the solve-to-judge gap (P (j = 0|s = 1)), revealing that models fail to judge 14.9% to
35.2% of the problems they are capable of solving. Detailed results are provided in Appendix B.1.

of the response, and any other content. l̂ ∈ {a, b}183

is the model’s predicted preference label. The out-184

come reward is then defined as:185

R(τ) =

{
1, if l̂ = l,

0, otherwise.
(3)186

This outcome reward is used by RLVR algorithms187

(such as GRPO (Shao et al., 2024), RLOO (Ahma-188

dian et al., 2024), and DAPO (Yu et al., 2025b)) to189

optimize the generative reward model πθ.190

2.3 Problem Motivation191

To explore the relationship between models’192

problem-solving and judging abilities, we conduct193

experiments on several popular GRMs across di-194

verse domains using the widely adopted preference195

dataset PPE (Frick et al., 2024). We use accuracy196

(ACC) as the evaluation metric for both problem-197

solving and judging abilities here. Our results in198

Figure 1 reveal a previously overlooked but impor-199

tant problem. This observation directly motivates200

our study, which we summarize through the follow-201

ing findings:202

Judging Ability is Bottlenecked by Problem-203

Solving Ability. As shown in Figure 1a, we ob-204

serve that the models clearly fall into several clus-205

ters. Models with similar problem-solving ability206

also exhibit similar judging ability, while models207

with stronger problem-solving skills achieve higher208

judging performance. This indicates that judging209

ability is fundamentally bottlenecked by problem-210

solving ability. A similar finding is also observed211

in Deepseek-GRM (Liu et al., 2025b), which uses 212

a large amount of general training data to improve 213

general problem-solving ability, thereby enhanc- 214

ing judging ability. To further illustrate it, moti- 215

vated by Zhou et al. (2025), we directly provide 216

the ground-truth answers in the prompt, i.e., as- 217

suming that the model’s problem-solving ability 218

has reached maximum. As shown in Figure 1a, all 219

models achieve a similar level of judging perfor- 220

mance, further demonstrating that problem-solving 221

ability is indeed a bottleneck for judging. 222

There is a Significant Solve-to-Judge Gap. While 223

the above findings suggest that improvements in 224

problem-solving ability can lead to better judging 225

performance, we observe that even when models 226

are capable of solving certain problems, they often 227

fail to correctly judge them. We term this incon- 228

sistency the solve-to-judge gap. To formally an- 229

alyze this gap, let’s denote s = 1 as the event 230

where a model solves a problem correctly and 231

j = 1 as the event where it judges the provided 232

responses correctly. Ideally, if a model could per- 233

fectly leverage its solving capability, its judging 234

accuracy on problems it can solve should be 100%, 235

i.e., P (j = 1 | s = 1) = 1. However, as shown by 236

the green bars in Figure 1b, this is far from the case. 237

The gap is therefore represented by the failure rate, 238

P (j = 0 | s = 1), which is the probability of a 239

model failing to judge correctly a problem it can 240

actually solve. As explicitly quantified by the error 241

rates in Figure 1b, this gap ranges from 14.9% to 242

35.2%. This finding highlights a key ineffective- 243
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Reinforcement Learning

Figure 2: An overview of our proposed Solve-to-Judge (S2J) method. Given a query (x) and a pair of responses
(ya, yb), the Generative Reward Models (GRMs) is trained to first perform judging-time solving (i.e., generate its
own solution) before providing a final judgment. We derive two distinct reward signals from its output: a solving
reward (Rsolve) for the correctness of its self-generated solution and a judging reward (Rjudge) for the correctness
of its final verdict. These rewards are combined and used in a reinforcement learning loop to optimize the GRMs,
explicitly training it to leverage its existing solving capabilities to inform and improve its judgments.

ness in existing GRMs: they do not fully utilize244

their inherent problem-solving ability when per-245

forming judging. Bridging this gap is precisely the246

core problem we aim to address in this paper.247

3 Solve-to-Judge248

3.1 Overview249

In this section, we describe our solution, Solve-to-250

Judge (S2J), designed to address the gap discussed251

in Section 2.3. Figure 2 provides an overview of252

S2J. In brief, before judging a pair of candidate253

responses (ya, yb), S2J first requires the generative254

reward model to produce its own solution ŷ to the255

user query x. S2J then assigns a unified reward256

that accounts for both the quality of the generated257

solution and the correctness of the final judgment.258

Specifically, lower rewards are assigned when the259

quality of the model’s solution and the correctness260

of its judgment are misaligned, while higher re-261

wards are given when both the solution is of high262

quality and the judgment is correct. The intuition263

behind this design is that by granting higher re-264

wards in such aligned cases, S2J encourages the265

model to link its judgments on its problem-solving266

process, thereby narrowing the solve-to-judge gap.267

3.2 Methodology268

Problem Formulation. To facilitate the transfor-269

mation from the model’s solving ability into its270

judging ability, we employ the prompt shown in271

Figure 3, which instructs the generative reward272

model πθ to first solve the user query x itself be- 273

fore judgment. Formally, we redefine Equation 2 274

as: 275

τ = (ŷ, c, l̂) ∼ πθ(· | x, ya, yb), (4) 276

where ŷ is the generative reward model’s self- 277

generated solution to x. 278

Reward for judgment. As in previous work (Chen 279

et al., 2025; Guo et al., 2025b), we use the standard 280

outcome reward to encourage the model to make 281

the correct final judgment, which we define as: 282

Rjudge(τ) =

{
0.5, if l̂ = l

0, otherwise.
(5) 283

Reward for Judging-Time Solving. Judging-time 284

solving is the key innovation of S2J, as it effec- 285

tively bridges the solve-to-judge gap by requiring 286

the model to first generate its own solution before 287

making a judgment. This internal simulation of the 288

solving process grounds the model’s judgment in 289

a deeper and more accurate understanding of the 290

problem, rather than relying on superficial heuris- 291

tics. Since not all problems can be definitively 292

resolved using a rule-based verifier, we consider 293

two scenarios: 294

(1) Objective Tasks. For tasks with a verifiable 295

ground truth (e.g., mathematics problems with nu- 296

meric solutions), the reward is computed using a 297

rule-based verifier: 298

Rsolve(τ) =

{
0.5, if Verifier(ŷ, y) = 1,

0, otherwise,
(6) 299
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where Verifier is a rule-based function that checks300

the equivalence between the self-generated solution301

ŷ against the ground truth y.302

(2) Subjective Tasks. For tasks that lack a sin-303

gle definitive ground truth (e.g., creative writing),304

we employ an auxiliary scalar reward model, de-305

noted as RMaux. We define sl as the score of the306

better response in {ya, yb}, s¬l as the score of the307

worse one, and sŷ as the score of the self-generated308

solution by πθ.309

The solving reward is then defined as:310

Rsolve(τ) =

{
0.5 · 1 (|sŷ − sl| < |sŷ − s¬l|) , if sl > s¬l,

0, otherwise.
(7)311

The intuition behind this formulation is312

as follows: (1) The indicator function313

1 (|sŷ − sl| < |sŷ − s¬l|) determines whether the314

score of ŷ is closer to the better solution than to the315

worse one. If this condition holds, we regard πθ316

as demonstrating strong problem-solving ability317

for the given query x. (2) We compute this reward318

only when sl > s¬l, i.e., when RMaux is able to319

correctly handle the partial ordering of a given320

sample (x, ya, yb). If this condition is not met, it321

indicates that RMaux lacks sufficient capability to322

handle this sample reliably. In such cases, we do323

not assign a solving reward to the sample, and the324

overall reward falls back to relying solely on the325

judgment reward. Note that, since this condition326

remains consistent across all rollouts sampled from327

the same training instance (x, ya, yb), this design328

does not introduce reward inconsistencies in RL329

algorithms such as GRPO and DAPO.330

RLVR with S2J Reward. Finally, we optimize331

πθ using following standard RLVR algorithm (e.g.,332

GRPO, RLOO, or DAPO) with the unified overall333

reward:334

R(τ) = Rsolve(τ) +Rjudge(τ). (8)335

This composite reward formulation lies at the core336

of S2J, seamlessly integrating problem-solving and337

judgment capabilities into a single reinforcement338

signal, thereby driving consistent improvements in339

judging accuracy.340

4 Experiments341

4.1 Experimental Setup342

Training Data. Our training data consists of ob-343

jective tasks (mathematics and knowledge-based344

question answering) and subjective tasks (human345

preferences). For mathematics tasks, we randomly 346

sample instances from Math-DPO-10K (Lai et al., 347

2024). For knowledge-based QA tasks, we syn- 348

thesize new preference pairs by selecting ques- 349

tions with verifiable answers from WebInstruct- 350

verified (Ma et al., 2025). For each selected query, 351

we prompt Qwen2.5-7B-Instruct and Qwen2.5- 352

32B-Instruct (Qwen et al., 2025) to generate multi- 353

ple responses, and then apply a rule-based verifier 354

to check their correctness. The correct responses 355

are taken as positive samples and the incorrect ones 356

as negative samples. Queries without at least one 357

correct and one incorrect response are discarded. 358

For subjective tasks, we sample data from Help- 359

Steer3 (Wang et al., 2025), whose labels are de- 360

rived from consistent judgments by multiple hu- 361

man annotators, reflecting genuine human prefer- 362

ences. In total, we obtain 20K training samples, 363

which is only 18%–50% used in prior work (Guo 364

et al., 2025b; Chen et al., 2025), yet our approach 365

achieves superior performance. 366

Training Implementation. In all our experiments, 367

we use Qwen2.5-7B-Instruct as the base model. 368

We use Skywork-Reward-V2-Llama-3.1-8B (Liu 369

et al., 2025a) as the auxiliary scalar reward model 370

in Equation 7. We employ DAPO (Yu et al., 2025b) 371

as our RL optimization algorithm, which is an im- 372

proved variant of GRPO. Our S2J is implemented 373

based on VeRL (Sheng et al., 2025). The training 374

hyperparameters are listed in Table 5. 375

Evaluation. We evaluate our model on four widely- 376

used reward model benchmarks that encompass 377

both objective and subjective tasks: PPE Correct- 378

ness, PPE Preference (Frick et al., 2024), Reward- 379

Bench (Lambert et al., 2024), and RMB (Zhou 380

et al., 2024) (see details in Appendix C.2). Un- 381

less otherwise specified, all inference is conducted 382

using vLLM (Kwon et al., 2023) with a sampling 383

temperature of 1.0 and top_p of 1.0. To improve 384

efficiency, for any subset containing more than 512 385

instances, we randomly sample 512 instances for 386

evaluation. Judgment performance is measured 387

using accuracy (ACC) as the primary metric. 388

Baselines. We compare our S2J-Qwen2.5-7B 389

against two categories of baselines: (1) Gen- 390

eral LLMs: including Qwen2.5-7B-Instruct and 391

DeepSeek-R1-Distill-Qwen-7B (Guo et al., 2025a), 392

evaluated using an LLM-as-a-judge prompt (see 393

Appendix C.1 for prompt details). (2) Specialized 394

trained GRMs: including RISE-Judge (Yu et al., 395

2025a), CompassJudger-2 (Zhang et al., 2025), 396

RM-R1 (Chen et al., 2025), and RRM (Guo et al., 397
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Model #Training
Pref. Pairs Self-Evol PPE

Correctness
PPE

Preference
Reward
Bench RMB Average

General LLMs (LLM-as-a-Judge)
Qwen2.5-7B-Instruct – – 56.7 60.4 79.1 71.4 66.9
DeepSeek-R1-Distill-Qwen-7B – – 61.0 59.8 75.1 63.0 64.7

Specialized GRMs
RISE-Judge-Qwen2.5-7B 40K ✗ 59.1 59.8 88.2 74.7 70.5
CompassJudger-2-7B-Instruct – ✗ 58.0 64.8 84.9 76.5 71.1
RM-R1Qwen2.5-Instruct-7B 72.7K ✗ 62.0 65.2 85.2 72.9 71.3
RM-R1DeepSeek-Distilled-Qwen-7B 74K ✓ 64.7 53.5 80.1 65.5 66.0
RRM-7B 112K ✓ 64.6 58.8 82.2 67.9 68.4
S2J-Qwen2.5-7B (Ours) 20K ✓ 65.5 64.3 86.0 74.8 72.7

Table 1: Performance on four reward model benchmarks. Our S2J-Qwen2.5-7B model establishes a new
state-of-the-art, outperforming all baselines while using significantly less training data. Notably, our method is
trained entirely through a self-evolving process without relying on distillation from more powerful models. The best
performance is in bold. Detailed results for each subset are available in Appendix B.2.

2025b) of comparable size, all of which are trained398

on extensive preference data and use judgment cor-399

rectness as the sole reward signal. For fairness, we400

adopt the original prompts provided in their respec-401

tive papers; if an original prompt is unavailable, we402

use the prompt provided in RewardBench.403

4.2 Main Results404

SOTA performance with Qwen2.5-7B. Our main405

results are presented in Table 1. All these meth-406

ods are built upon the Qwen2.5-7B series models,407

differing in dataset composition and training meth-408

ods. Results on the four benchmarks show that409

our S2J-Qwen2.5-7B model achieves an average410

score of 72.7% across all benchmarks, establish-411

ing a new state-of-the-art performance while using412

significantly less training data. Moreover, unlike413

other methods, our S2J achieves this superior per-414

formance through a completely self-evolving ap-415

proach via reinforcement learning, without requir-416

ing any distillation from more powerful external417

models. In summary, our approach delivers high418

performance with low resource requirements and419

exceptional efficiency.420

S2J indeed reduces the solve-to-judge gap. To421

directly evaluate S2J’s ability to bridge the solve-422

to-judge gap, we employ the proxy metric P (j =423

0 | s = 1), i.e., the proportion of solved prob-424

lems that are judged incorrectly, to quantify this425

gap. A smaller value of P (j = 0 | s = 1) in-426

dicates a smaller gap. Given that different judge427

models are built upon different base models, we428

primarily focus on the reduction values ∆, which429

denote the decrease in gap relative to each model’s430

respective base model. Table 2 presents our re-431

sults across three objective benchmarks drawn from 432

subsets of PPE: MMLU-Pro (Wang et al., 2024d), 433

MATH (Hendrycks et al., 2021), and GPQA (Rein 434

et al., 2024). The experimental results demonstrate 435

that our S2J approach achieves significant reduc- 436

tion in the solve-to-judge gap to the baseline model, 437

lowering the average P (j = 0 | s = 1) from 37.3% 438

to 21.1%. When compared against other GRMs, 439

our model achieves a remarkable gap reduction 440

of 16.2 percentage points, surpassing the current 441

SOTA by 9.6 percentage points. These findings 442

provide compelling evidence for both the effective- 443

ness and the underlying mechanisms of our S2J 444

reward, as detailed in Section 3. 445

Generalization Across Model Families. To 446

demonstrate the robustness and generalizability of 447

S2J beyond the Qwen series, we extend our ex- 448

periments to Llama-3.1-8B-Instruct (Dubey et al., 449

2024). Previous studies suggest that Llama models 450

can be more challenging to optimize via RL com- 451

pared to Qwen (Shao et al., 2025). However, as 452

shown in Table 3, S2J achieves substantial gains 453

on Llama-3.1 as well. Specifically, S2J improves 454

the average judgment accuracy by 17.5% (from 455

51.0% to 68.5%) and drastically reduces the solve- 456

to-judge gap by 27.4% (from 62.5% to 35.1%). 457

This confirms that the S2J mechanism effectively 458

activates the model’s intrinsic solving capabilities 459

regardless of the base architecture. 460

Impact of Generation Length. We further investi- 461

gate whether S2J’s gains stem merely from longer 462

chains of thought. Our analysis (see Appendix B.3) 463

reveals that S2J is significantly more token-efficient 464

than reasoning models like DeepSeek-R1-Distill. 465

Despite generating 4x fewer tokens, S2J achieves 466
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Model MMLU-Pro MATH GPQA Average ∆

Base Models
Qwen2.5-7B-Instruct 33.7 33.7 44.5 37.3 –
DeepSeek-R1-Distill-Qwen-7B 28.1 15.3 47.2 30.2 –

Specialized GRMs
RISE-Judge-Qwen2.5-7B 36.1 25.6 43.1 34.9 -2.4
CompassJudger-2-7B-Instruct 33.3 23.5 43.0 33.3 -4.0
RM-R1Qwen2.5-Instruct-7B 27.1 16.9 49.7 31.2 -6.1
RM-R1DeepSeek-Distilled-Qwen-7B 20.6 9.8 40.3 23.6 -6.6
RRM-7B 25.4 12.3 39.0 25.6 -4.6
S2J-Qwen2.5-7B (Ours) 18.7 12.1 32.5 21.1 -16.2

Table 2: Results for the solve-to-judge gap (P (j = 0 | s = 1)). We report the relative gap reduction (∆) with
respect to the base model as the primary evaluation metric. Lower values indicate better performance. Our S2J
method achieves a 16.2% reduction in this gap, substantially outperforming all other specialized models and
confirming its effectiveness.

Model Average Acc. P (j = 0 | s = 1) ∆

Llama-3.1-8B-Instruct 51.0 62.5 -
S2J-Llama-3.1-8B 68.5 35.1 -27.4

Qwen2.5-7B-Instruct 66.9 37.3 -
S2J-Qwen2.5-7B 72.7 21.1 -16.2

Table 3: Generalization on Llama-3.1-8B. S2J sig-
nificantly boosts performance and bridges the gap on
Llama, demonstrating strong generalizability.

superior accuracy, confirming that the performance467

improvement derives from the targeted judging-468

time solving mechanism rather than increased com-469

putation alone.470

Based on the judging accuracy improvements471

and solve-to-judge gap reduction, we further val-472

idate our core motivation: explicitly transferring473

the model’s existing solving capabilities into its474

judging performance through judging-time solving475

rewards.476

4.3 Ablation Study477

We conduct a series of ablation studies to dissect478

the key components of our S2J method. We ana-479

lyze the individual effects of our proposed reward480

components and the composition of our training481

data to validate our design choices.482

Effect of Reward Components. To investigate the483

contributions of our reward formulation, we ablate484

the two key components: the judging-time solv-485

ing reward Rsolve and the judging outcome reward486

Rjudge. As shown in Table 4, training with only487

Rsolve results in performance degradation across488

all metrics. This confirms that optimizing for solv-489

ing accuracy alone is insufficient and can detract490

from the primary goal of making correct judgments.491

Judgment Perf. Solve-to-Judge Gap

Reward PPE
Corr.

PPE
Pref. P (j = 0 | s = 1) ∆

Base Model 56.7 60.4 37.3 -

Only Rsolve 53.4 52.5 44.5 +7.2
Only Rjudge 62.5 62.7 30.4 -6.9
S2J (Rsolve +Rjudge) 65.5 64.3 21.1 -16.2

Table 4: Ablation study on reward components. The
results demonstrate that both components are essential,
and their combination synergistically bridges the solve-
to-judge gap (P (j = 0 | s = 1)) and finally improve
the judging ability.

Training with only Rjudge, which mirrors standard 492

RLVR approaches (Chen et al., 2025; Guo et al., 493

2025b), yields moderate improvements, decreasing 494

P (j = 0 | s = 1) by 6.9%. 495

The full version of S2J combining both rewards 496

achieves superior performance across all metrics. 497

The synergy of two rewards is most evident in the 498

P (j = 0 | s = 1) metric, which decreases by 499

16.2% over the base model. This represents a re- 500

markable 9.3% absolute decrease compared with 501

using Rjudge alone, empirically validating our core 502

hypothesis: explicitly rewarding the model for cor- 503

rect internal solving during the judging process is 504

crucial for effectively converting its solving ability 505

into reliable judging ability. 506

Effect of Training Data Composition. We exam- 507

ine the impact of different training data mixtures. 508

Our results confirm that while training solely on 509

objective data improves correctness, incorporating 510

subjective preference data (HelpSteer3) yields the 511

best overall performance across both objective and 512

subjective benchmarks without compromising the 513

solve-to-judge gap reduction. Detailed ablation 514
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results and analysis are provided in Appendix B.4.515

4.4 Mechanism Analysis: The Distraction516

Hypothesis517

To investigate the root cause of the solve-to-judge518

gap, we analyze the performance degradation519

when a model shifts from Independent Solving to520

Judging-time Solving. We propose the Distrac-521

tion Hypothesis: when solving independently, the522

model relies solely on its internal knowledge. How-523

ever, in the judging context, the model is exposed to524

candidate responses which often act as distractors525

(e.g., persuasive but incorrect reasoning), causing526

the model to abandon its own correct reasoning.527

We quantify this on the PPE-MATH subset.528

Without S2J, the base model fails to generate529

the correct solution internally during judgment in530

52.1% of the cases where it could solve the prob-531

lem independently. This empirical evidence sug-532

gests that the judging context significantly impairs533

knowledge retrieval. In contrast, S2J explicitly534

trains the model to prioritize its own solving pro-535

cess, reducing this context-induced failure rate to536

13.2%. This significant recovery confirms that537

bridging the gap essentially involves enhancing the538

model’s robustness against context distraction dur-539

ing the judging process.540

4.5 Case Study541

To clearly illustrate the solve-to-judge gap, we542

present a case study in Appendix B.5. The study543

demonstrates a specific instance where the base544

model fails to correctly evaluate a response despite545

being able to solve the problem itself, whereas our546

S2J-trained model successfully bridges this gap by547

grounding its judgment in its own solution.548

5 Related Work549

Reward Models. Reward models play a vital role550

in both the post-training (Ouyang et al., 2022) and551

automated evaluation (Wang et al., 2023) of LLMs.552

Traditional reward models are typically trained553

with the Bradley-Terry objective and output a scalar554

score indicating the quality of a given response.555

However, this design often leads to poor calibra-556

tion and generalization across different prompts557

and responses (Sun et al., 2025; Zhang et al., 2024).558

To address these limitations, the generative reward559

model paradigm is proposed as a more expressive560

and capable alternative (Zheng et al., 2023).561

Generative Reward Models. LLM-as-a-562

Judge (Dubois et al., 2024; Saha et al., 2023) repre-563

sents an important subset of GRMs that effectively 564

pioneer the use of LLMs’ powerful generative abili- 565

ties to create comprehensive and transparent reason- 566

ing processes before making final decisions (Kim 567

et al., 2024; Ankner et al., 2024; Yu et al., 2024; 568

Saha et al., 2025), ultimately resulting in substan- 569

tially enhanced evaluation accuracy. The practical 570

implementation of LLM-as-a-Judge fundamentally 571

relies on sophisticated prompt engineering tech- 572

niques and carefully designed prompting strategies. 573

Building upon this foundation, researchers have 574

developed specialized training approaches includ- 575

ing SFT and DPO to enhance evaluation capabili- 576

ties (Ye et al., 2024b; Wang et al., 2024b; Mahan 577

et al., 2024; Ye et al., 2024a; Wu et al., 2024; Zhao 578

et al., 2025; Anugraha et al., 2025). The latest de- 579

velopments in LLM reasoning (Guo et al., 2025a; 580

Team et al., 2025; Hu et al., 2025; Xie et al., 2025) 581

have sparked a new wave of research incorporating 582

RLVR techniques into GRM training (Chen et al., 583

2025; Guo et al., 2025b; Yang et al., 2025; Xu et al., 584

2025; Yu et al., 2025c). While existing approaches 585

primarily emphasize the accuracy of final verdicts 586

as their reward signal, our research takes a differ- 587

ent direction by addressing the solve-to-judge gap. 588

The S2J methodology integrates both judging-time 589

solution rewards and evaluation outcome rewards, 590

specifically designed to facilitate the transfer of in- 591

herent problem-solving capabilities into effective 592

evaluation skills. 593

6 Conclusion 594

In this paper, we identified and quantified a signifi- 595

cant solve-to-judge gap in generative reward mod- 596

els, revealing that they often fail to correctly evalu- 597

ate problems they are capable of solving. To bridge 598

this gap, we introduced Solve-to-Judge (S2J), a 599

reinforcement learning method that jointly opti- 600

mizes for both judgment accuracy and the model’s 601

own problem-solving accuracy during the evalua- 602

tion process. By incorporating a judging-time solv- 603

ing reward, S2J explicitly encourages the model 604

to ground its judgments in its intrinsic problem- 605

solving knowledge. Experiments demonstrate that 606

S2J effectively reduces the solve-to-judge gap by 607

16.2%, leading to a 5.8% average performance gain 608

across four reward model benchmarks. Crucially, 609

our method achieves state-of-the-art results through 610

a self-evolving training process, without relying on 611

distillation from more powerful models. 612
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Limitations613

Due to computational resource constraints, our ex-614

periments are primarily conducted on 7B and 8B615

parameter models. While we have demonstrated616

strong generalization across different model fam-617

ilies (Qwen2.5 and Llama-3.1), investigating the618

behavior of the solve-to-judge gap and the scala-619

bility of S2J on significantly larger models (e.g.,620

70B+) remains an open area for future exploration.621

Regarding the evaluation scope, our work primar-622

ily focuses on the pairwise preference task, which623

serves as the standard format for reward models in624

RLHF post-training. Extending the S2J paradigm625

to other evaluation formats, such as point-wise scor-626

ing, presents an interesting direction for future re-627

search.628

In terms of supervision for subjective tasks, un-629

like objective domains (e.g., mathematics) where630

correctness can be definitively determined via rule-631

based verification, assessing the quality of re-632

sponses to open-ended queries presents unique633

challenges due to the absence of absolute ground634

truth. To address this, we adopted the mainstream635

practice of employing an auxiliary scalar reward636

model as a proxy verifier for the generated solu-637

tions. While we employ a filtering mechanism to638

ensure high-quality supervision, exploring methods639

to further reduce this dependency—such as intrin-640

sic self-verification—remains a valuable avenue for641

future research.642

References643

Arash Ahmadian, Chris Cremer, Matthias Gallé,644
Marzieh Fadaee, Julia Kreutzer, Olivier Pietquin,645
Ahmet Üstün, and Sara Hooker. 2024. Back to ba-646
sics: Revisiting reinforce style optimization for learn-647
ing from human feedback in llms. arXiv preprint648
arXiv:2402.14740.649

Zachary Ankner, Mansheej Paul, Brandon Cui,650
Jonathan D Chang, and Prithviraj Ammanabrolu.651
2024. Critique-out-loud reward models. arXiv652
preprint arXiv:2408.11791.653

David Anugraha, Zilu Tang, Lester James V Miranda,654
Hanyang Zhao, Mohammad Rifqi Farhansyah, Garry655
Kuwanto, Derry Wijaya, and Genta Indra Winata.656
2025. R3: Robust rubric-agnostic reward models.657
arXiv preprint arXiv:2505.13388.658

Yuntao Bai, Saurav Kadavath, Sandipan Kundu,659
Amanda Askell, Jackson Kernion, Andy Jones, Anna660
Chen, Anna Goldie, Azalia Mirhoseini, Cameron661
McKinnon, and 1 others. 2022. Constitutional ai:662

Harmlessness from ai feedback. arXiv preprint 663
arXiv:2212.08073. 664

Xiusi Chen, Gaotang Li, Ziqi Wang, Bowen Jin, Cheng 665
Qian, Yu Wang, Hongru Wang, Yu Zhang, Denghui 666
Zhang, Tong Zhang, and 1 others. 2025. Rm-r1: 667
Reward modeling as reasoning. arXiv preprint 668
arXiv:2505.02387. 669

Wei-Lin Chiang, Lianmin Zheng, Ying Sheng, Anasta- 670
sios Nikolas Angelopoulos, Tianle Li, Dacheng Li, 671
Banghua Zhu, Hao Zhang, Michael Jordan, Joseph E 672
Gonzalez, and 1 others. 2024. Chatbot arena: An 673
open platform for evaluating llms by human pref- 674
erence. In Forty-first International Conference on 675
Machine Learning. 676

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, 677
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman, 678
Akhil Mathur, Alan Schelten, Amy Yang, Angela 679
Fan, and 1 others. 2024. The llama 3 herd of models. 680
arXiv e-prints, pages arXiv–2407. 681

Yann Dubois, Balázs Galambosi, Percy Liang, and Tat- 682
sunori B Hashimoto. 2024. Length-controlled al- 683
pacaeval: A simple way to debias automatic evalua- 684
tors. arXiv preprint arXiv:2404.04475. 685

Evan Frick, Tianle Li, Connor Chen, Wei-Lin Chiang, 686
Anastasios N Angelopoulos, Jiantao Jiao, Banghua 687
Zhu, Joseph E Gonzalez, and Ion Stoica. 2024. How 688
to evaluate reward models for rlhf. arXiv preprint 689
arXiv:2410.14872. 690

Jiawei Gu, Xuhui Jiang, Zhichao Shi, Hexiang Tan, 691
Xuehao Zhai, Chengjin Xu, Wei Li, Yinghan 692
Shen, Shengjie Ma, Honghao Liu, and 1 others. 693
2024. A survey on llm-as-a-judge. arXiv preprint 694
arXiv:2411.15594. 695

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, 696
Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shirong 697
Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025a. 698
Deepseek-r1: Incentivizing reasoning capability in 699
llms via reinforcement learning. arXiv preprint 700
arXiv:2501.12948. 701

Jiaxin Guo, Zewen Chi, Li Dong, Qingxiu Dong, Xun 702
Wu, Shaohan Huang, and Furu Wei. 2025b. Reward 703
reasoning model. arXiv preprint arXiv:2505.14674. 704

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul 705
Arora, Steven Basart, Eric Tang, Dawn Song, and Ja- 706
cob Steinhardt. 2021. Measuring mathematical prob- 707
lem solving with the math dataset. arXiv preprint 708
arXiv:2103.03874. 709

Jingcheng Hu, Yinmin Zhang, Qi Han, Daxin Jiang, Xi- 710
angyu Zhang, and Heung-Yeung Shum. 2025. Open- 711
reasoner-zero: An open source approach to scaling 712
up reinforcement learning on the base model. arXiv 713
preprint arXiv:2503.24290. 714

Hui Huang, Yancheng He, Hongli Zhou, Rui Zhang, 715
Wei Liu, Weixun Wang, Wenbo Su, Bo Zheng, 716
and Jiaheng Liu. 2025. Think-j: Learning to 717

9



think for generative llm-as-a-judge. arXiv preprint718
arXiv:2505.14268.719

Seungone Kim, Juyoung Suk, Shayne Longpre,720
Bill Yuchen Lin, Jamin Shin, Sean Welleck, Graham721
Neubig, Moontae Lee, Kyungjae Lee, and Minjoon722
Seo. 2024. Prometheus 2: An open source language723
model specialized in evaluating other language mod-724
els. arXiv preprint arXiv:2405.01535.725

Woosuk Kwon, Zhuohan Li, Siyuan Zhuang, Ying726
Sheng, Lianmin Zheng, Cody Hao Yu, Joseph Gon-727
zalez, Hao Zhang, and Ion Stoica. 2023. Efficient728
memory management for large language model serv-729
ing with pagedattention. In Proceedings of the 29th730
symposium on operating systems principles, pages731
611–626.732

Xin Lai, Zhuotao Tian, Yukang Chen, Senqiao Yang, Xi-733
angru Peng, and Jiaya Jia. 2024. Step-dpo: Step-wise734
preference optimization for long-chain reasoning of735
llms. arXiv preprint arXiv:2406.18629.736

Nathan Lambert, Valentina Pyatkin, Jacob Morrison,737
LJ Miranda, Bill Yuchen Lin, Khyathi Chandu,738
Nouha Dziri, Sachin Kumar, Tom Zick, Yejin Choi,739
and 1 others. 2024. Rewardbench: Evaluating re-740
ward models for language modeling. arXiv preprint741
arXiv:2403.13787.742

Dawei Li, Bohan Jiang, Liangjie Huang, Alimohammad743
Beigi, Chengshuai Zhao, Zhen Tan, Amrita Bhat-744
tacharjee, Yuxuan Jiang, Canyu Chen, Tianhao Wu,745
and 1 others. 2025. From generation to judgment:746
Opportunities and challenges of llm-as-a-judge, 2025.747
URL https://arxiv. org/abs/2411.16594.748

Chris Yuhao Liu, Liang Zeng, Jiacai Liu, Rui Yan, Ju-749
jie He, Chaojie Wang, Shuicheng Yan, Yang Liu,750
and Yahui Zhou. 2024a. Skywork-reward: Bag of751
tricks for reward modeling in llms. arXiv preprint752
arXiv:2410.18451.753

Chris Yuhao Liu, Liang Zeng, Yuzhen Xiao, Jujie He, Ji-754
acai Liu, Chaojie Wang, Rui Yan, Wei Shen, Fuxiang755
Zhang, Jiacheng Xu, and 1 others. 2025a. Skywork-756
reward-v2: Scaling preference data curation via757
human-ai synergy. arXiv preprint arXiv:2507.01352.758

Jiawei Liu, Songrun Xie, Junhao Wang, Yuxiang Wei,759
Yifeng Ding, and Lingming Zhang. 2024b. Evaluat-760
ing language models for efficient code generation. In761
First Conference on Language Modeling.762

Yantao Liu, Zijun Yao, Rui Min, Yixin Cao, Lei Hou,763
and Juanzi Li. 2024c. Rm-bench: Benchmarking764
reward models of language models with subtlety and765
style. arXiv preprint arXiv:2410.16184.766

Zijun Liu, Peiyi Wang, Runxin Xu, Shirong Ma, Chong767
Ruan, Peng Li, Yang Liu, and Yu Wu. 2025b.768
Inference-time scaling for generalist reward model-769
ing. arXiv preprint arXiv:2504.02495.770

Xueguang Ma, Qian Liu, Dongfu Jiang, Ge Zhang, Ze- 771
jun Ma, and Wenhu Chen. 2025. General-reasoner: 772
Advancing llm reasoning across all domains. arXiv 773
preprint arXiv:2505.14652. 774

Dakota Mahan, Duy Van Phung, Rafael Rafailov, 775
Chase Blagden, Nathan Lile, Louis Castricato, Jan- 776
Philipp Fränken, Chelsea Finn, and Alon Albalak. 777
2024. Generative reward models. arXiv preprint 778
arXiv:2410.12832. 779

Saumya Malik, Valentina Pyatkin, Sander Land, Ja- 780
cob Morrison, Noah A Smith, Hannaneh Hajishirzi, 781
and Nathan Lambert. 2025. Rewardbench 2: Ad- 782
vancing reward model evaluation. arXiv preprint 783
arXiv:2506.01937. 784

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, 785
Carroll Wainwright, Pamela Mishkin, Chong Zhang, 786
Sandhini Agarwal, Katarina Slama, Alex Ray, and 1 787
others. 2022. Training language models to follow in- 788
structions with human feedback. Advances in neural 789
information processing systems, 35:27730–27744. 790

Qwen, :, An Yang, Baosong Yang, Beichen Zhang, 791
Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan 792
Li, Dayiheng Liu, Fei Huang, Haoran Wei, Huan 793
Lin, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin 794
Yang, Jiaxi Yang, Jingren Zhou, and 25 oth- 795
ers. 2025. Qwen2.5 technical report. Preprint, 796
arXiv:2412.15115. 797

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christo- 798
pher D Manning, Stefano Ermon, and Chelsea Finn. 799
2023. Direct preference optimization: Your language 800
model is secretly a reward model. Advances in neural 801
information processing systems, 36:53728–53741. 802

David Rein, Betty Li Hou, Asa Cooper Stickland, Jack- 803
son Petty, Richard Yuanzhe Pang, Julien Dirani, Ju- 804
lian Michael, and Samuel R Bowman. 2024. Gpqa: 805
A graduate-level google-proof q&a benchmark. In 806
First Conference on Language Modeling. 807

Swarnadeep Saha, Omer Levy, Asli Celikyilmaz, 808
Mohit Bansal, Jason Weston, and Xian Li. 809
2023. Branch-solve-merge improves large language 810
model evaluation and generation. arXiv preprint 811
arXiv:2310.15123. 812

Swarnadeep Saha, Xian Li, Marjan Ghazvininejad, Ja- 813
son Weston, and Tianlu Wang. 2025. Learning to 814
plan & reason for evaluation with thinking-llm-as-a- 815
judge. arXiv preprint arXiv:2501.18099. 816

Rulin Shao, Shuyue Stella Li, Rui Xin, Scott Geng, Yip- 817
ing Wang, Sewoong Oh, Simon Shaolei Du, Nathan 818
Lambert, Sewon Min, Ranjay Krishna, and 1 others. 819
2025. Spurious rewards: Rethinking training signals 820
in rlvr. arXiv preprint arXiv:2506.10947. 821

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, 822
Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan 823
Zhang, YK Li, Yang Wu, and 1 others. 2024. 824
Deepseekmath: Pushing the limits of mathematical 825
reasoning in open language models. arXiv preprint 826
arXiv:2402.03300. 827

10

https://openreview.net/forum?id=IBCBMeAhmC
https://openreview.net/forum?id=IBCBMeAhmC
https://openreview.net/forum?id=IBCBMeAhmC
https://arxiv.org/abs/2412.15115


Guangming Sheng, Chi Zhang, Zilingfeng Ye, Xibin828
Wu, Wang Zhang, Ru Zhang, Yanghua Peng, Haibin829
Lin, and Chuan Wu. 2025. Hybridflow: A flexible830
and efficient rlhf framework. In Proceedings of the831
Twentieth European Conference on Computer Sys-832
tems, pages 1279–1297.833

Hao Sun, Yunyi Shen, and Jean-Francois Ton. 2025. Re-834
thinking reward modeling in preference-based large835
language model alignment. In The Thirteenth Inter-836
national Conference on Learning Representations.837

Sijun Tan, Siyuan Zhuang, Kyle Montgomery,838
William Y Tang, Alejandro Cuadron, Chenguang839
Wang, Raluca Ada Popa, and Ion Stoica. 2024.840
Judgebench: A benchmark for evaluating llm-based841
judges. arXiv preprint arXiv:2410.12784.842

Kimi Team, Angang Du, Bofei Gao, Bowei Xing,843
Changjiu Jiang, Cheng Chen, Cheng Li, Chenjun844
Xiao, Chenzhuang Du, Chonghua Liao, and 1 others.845
2025. Kimi k1. 5: Scaling reinforcement learning846
with llms. arXiv preprint arXiv:2501.12599.847

Binghai Wang, Rui Zheng, Lu Chen, Yan Liu, Shihan848
Dou, Caishuang Huang, Wei Shen, Senjie Jin, Enyu849
Zhou, Chenyu Shi, and 1 others. 2024a. Secrets of850
rlhf in large language models part ii: Reward model-851
ing. arXiv preprint arXiv:2401.06080.852

Peifeng Wang, Austin Xu, Yilun Zhou, Caiming Xiong,853
and Shafiq Joty. 2024b. Direct judgement preference854
optimization. arXiv preprint arXiv:2409.14664.855

Peiyi Wang, Lei Li, Liang Chen, Zefan Cai, Dawei Zhu,856
Binghuai Lin, Yunbo Cao, Qi Liu, Tianyu Liu, and857
Zhifang Sui. 2023. Large language models are not858
fair evaluators. arXiv preprint arXiv:2305.17926.859

Tianlu Wang, Ilia Kulikov, Olga Golovneva, Ping Yu,860
Weizhe Yuan, Jane Dwivedi-Yu, Richard Yuanzhe861
Pang, Maryam Fazel-Zarandi, Jason Weston, and862
Xian Li. 2024c. Self-taught evaluators. arXiv863
preprint arXiv:2408.02666.864

Yubo Wang, Xueguang Ma, Ge Zhang, Yuansheng Ni,865
Abhranil Chandra, Shiguang Guo, Weiming Ren,866
Aaran Arulraj, Xuan He, Ziyan Jiang, and 1 others.867
2024d. Mmlu-pro: A more robust and challenging868
multi-task language understanding benchmark. Ad-869
vances in Neural Information Processing Systems,870
37:95266–95290.871

Zhilin Wang, Jiaqi Zeng, Olivier Delalleau, Hoo-872
Chang Shin, Felipe Soares, Alexander Bukharin, El-873
lie Evans, Yi Dong, and Oleksii Kuchaiev. 2025.874
Helpsteer3-preference: Open human-annotated pref-875
erence data across diverse tasks and languages. arXiv876
preprint arXiv:2505.11475.877

Chenxi Whitehouse, Tianlu Wang, Ping Yu, Xian878
Li, Jason Weston, Ilia Kulikov, and Swarnadeep879
Saha. 2025. J1: Incentivizing thinking in llm-as-880
a-judge via reinforcement learning. arXiv preprint881
arXiv:2505.10320.882

Tianhao Wu, Weizhe Yuan, Olga Golovneva, Jing Xu, 883
Yuandong Tian, Jiantao Jiao, Jason Weston, and Sain- 884
bayar Sukhbaatar. 2024. Meta-rewarding language 885
models: Self-improving alignment with llm-as-a- 886
meta-judge. arXiv preprint arXiv:2407.19594. 887

Tian Xie, Zitian Gao, Qingnan Ren, Haoming Luo, 888
Yuqian Hong, Bryan Dai, Joey Zhou, Kai Qiu, Zhi- 889
rong Wu, and Chong Luo. 2025. Logic-rl: Un- 890
leashing llm reasoning with rule-based reinforcement 891
learning. arXiv preprint arXiv:2502.14768. 892

Austin Xu, Yilun Zhou, Xuan-Phi Nguyen, Caiming 893
Xiong, and Shafiq Joty. 2025. J4r: Learning to judge 894
with equivalent initial state group relative policy opti- 895
mization. arXiv preprint arXiv:2505.13346. 896

Wenkai Yang, Jingwen Chen, Yankai Lin, and Ji-Rong 897
Wen. 2025. Deepcritic: Deliberate critique with large 898
language models. arXiv preprint arXiv:2505.00662. 899

Zihuiwen Ye, Fraser Greenlee-Scott, Max Bartolo, Phil 900
Blunsom, Jon Ander Campos, and Matthias Gallé. 901
2024a. Improving reward models with synthetic cri- 902
tiques. arXiv preprint arXiv:2405.20850. 903

Ziyi Ye, Xiangsheng Li, Qiuchi Li, Qingyao Ai, Yu- 904
jia Zhou, Wei Shen, Dong Yan, and Yiqun Liu. 905
2024b. Beyond scalar reward model: Learning gen- 906
erative judge from preference data. arXiv preprint 907
arXiv:2410.03742. 908

Jiachen Yu, Shaoning Sun, Xiaohui Hu, Jiaxu Yan, 909
Kaidong Yu, and Xuelong Li. 2025a. Improve llm- 910
as-a-judge ability as a general ability. arXiv preprint 911
arXiv:2502.11689. 912

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan, Xi- 913
aochen Zuo, Yu Yue, Weinan Dai, Tiantian Fan, Gao- 914
hong Liu, Lingjun Liu, and 1 others. 2025b. Dapo: 915
An open-source llm reinforcement learning system 916
at scale. arXiv preprint arXiv:2503.14476. 917

Yue Yu, Zhengxing Chen, Aston Zhang, Liang Tan, 918
Chenguang Zhu, Richard Yuanzhe Pang, Yundi Qian, 919
Xuewei Wang, Suchin Gururangan, Chao Zhang, and 920
1 others. 2024. Self-generated critiques boost re- 921
ward modeling for language models. arXiv preprint 922
arXiv:2411.16646. 923

Zhuohao Yu, Jiali Zeng, Weizheng Gu, Yidong Wang, 924
Jindong Wang, Fandong Meng, Jie Zhou, Yue Zhang, 925
Shikun Zhang, and Wei Ye. 2025c. Rewardany- 926
thing: Generalizable principle-following reward mod- 927
els. arXiv preprint arXiv:2506.03637. 928

Lunjun Zhang, Arian Hosseini, Hritik Bansal, Mehran 929
Kazemi, Aviral Kumar, and Rishabh Agarwal. 2024. 930
Generative verifiers: Reward modeling as next-token 931
prediction. arXiv preprint arXiv:2408.15240. 932

Taolin Zhang, Maosong Cao, Alexander Lam, Songyang 933
Zhang, and Kai Chen. 2025. Compassjudger-2: To- 934
wards generalist judge model via verifiable rewards. 935
arXiv preprint arXiv:2507.09104. 936

11



Jian Zhao, Runze Liu, Kaiyan Zhang, Zhimu Zhou,937
Junqi Gao, Dong Li, Jiafei Lyu, Zhouyi Qian, Biqing938
Qi, Xiu Li, and 1 others. 2025. Genprm: Scaling939
test-time compute of process reward models via gen-940
erative reasoning. arXiv preprint arXiv:2504.00891.941

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan942
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,943
Zhuohan Li, Dacheng Li, Eric Xing, and 1 others.944
2023. Judging llm-as-a-judge with mt-bench and945
chatbot arena. Advances in neural information pro-946
cessing systems, 36:46595–46623.947

Jialun Zhong, Wei Shen, Yanzeng Li, Songyang Gao,948
Hua Lu, Yicheng Chen, Yang Zhang, Wei Zhou, Jin-949
jie Gu, and Lei Zou. 2025. A comprehensive sur-950
vey of reward models: Taxonomy, applications, chal-951
lenges, and future. arXiv preprint arXiv:2504.12328.952

Enyu Zhou, Guodong Zheng, Binghai Wang, Zhiheng953
Xi, Shihan Dou, Rong Bao, Wei Shen, Limao Xiong,954
Jessica Fan, Yurong Mou, and 1 others. 2024. Rmb:955
Comprehensively benchmarking reward models in956
llm alignment. arXiv preprint arXiv:2410.09893.957

Jeffrey Zhou, Tianjian Lu, Swaroop Mishra, Sid-958
dhartha Brahma, Sujoy Basu, Yi Luan, Denny Zhou,959
and Le Hou. 2023. Instruction-following evalu-960
ation for large language models. arXiv preprint961
arXiv:2311.07911.962

Jin Peng Zhou, Sébastien MR Arnold, Nan Ding, Kil-963
ian Q Weinberger, Nan Hua, and Fei Sha. 2025.964
Graders should cheat: privileged information enables965
expert-level automated evaluations. arXiv preprint966
arXiv:2502.10961.967

A S2J Implementation Details968

A.1 Prompt Template969

Figure 3 shows the prompt template we use in the970

Solve-to-Judge (S2J) method. This template is de-971

signed to guide the generative reward model πθ to972

first independently solve the user query x before973

evaluating the pair of candidate responses (ya, yb).974

A.2 Training Hyperparameters975

We train our S2J-Qwen2.5-7B model using the976

DAPO algorithm, implemented on the verl frame-977

work. The training is conducted on a setup with978

8 NVIDIA H800 GPUs. Key hyperparameters for979

our training process are detailed in Table 5.980

B Full Experiment Result981

B.1 Detailed Results for Solve-to-Judge Gap982

Analysis983

This section provides the detailed numerical results984

that support the analyses presented in Figure 1 of985

the main text. The experiments were conducted on986

Hyperparameter Value

Data Configuration

Max prompt length 4096
Max response length 8192

DAPO Algorithm Configuration

Advantage estimator GRPO
Clip ratio (low) 0.2
Clip ratio (high) 0.28
Responses per prompt 16
Sampling temperature 1.0
Sampling top-p 1.0
KL in reward False
KL loss False

Optimization Configuration

Optimizer AdamW
Learning rate 1e-6
Learning rate warmup steps 10
Weight decay 0.1
Gradient clipping 1.0
Batch size 128
Mini-batch size 32
Total training steps 300

Table 5: Training hyperparameters for S2J-Qwen2.5-
7B.

the MMLU-Pro, MATH, and GPQA subsets of the 987

PPE benchmark. 988

Table 6 corresponds to Figure 1a, detailing the 989

Solving Accuracy (S-Acc), standard Judging Accu- 990

racy (J-Acc), and Judging Accuracy with Ground 991

Truth (J-Acc w/ GT). Table 7 corresponds to Fig- 992

ure 1b, providing the precise values for the solve- 993

to-judge gap, quantified as P (j = 0|s = 1). 994

B.2 Detailed Results on RewardBench and 995

RMB 996

We provide a detailed performance breakdown on 997

the subsets of the RewardBench and RMB bench- 998

marks. Table 8 shows the results on RewardBench, 999

and Table 9 shows the results on RMB. 1000

B.3 Token Efficiency Analysis 1001

To investigate if performance gains stem from in- 1002

creased verbosity, we compare output token lengths 1003

on PPE Correctness. As shown in Table 10, S2J 1004

achieves SOTA accuracy (72.7%) with moder- 1005

ate generation (∼550 tokens), significantly out- 1006

performing the reasoning-intensive DeepSeek-R1- 1007

Distill (64.7%, ∼2225 tokens). This confirms that 1008

S2J’s success relies on the targeted bridging mech- 1009

anism rather than mere token quantity. 1010
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Prompt Template for S2J

Please act as an impartial judge and evaluate the quality of the responses provided by two AI Chatbots to the Client’s
question displayed below.

# For objective tasks.
1. First, you MUST solve the Client’s question yourself and put your final answer within \boxed{}. Provide your own
solution before proceeding to the evaluation.
# For subjective tasks.
1. First, you MUST solve the Client’s question yourself and put your entire solution within <solution> and </solution>
tags. Provide your own solution before proceeding to the evaluation.

2. Evaluate the two Chatbot responses based on correctness, referencing your own solution.
3. Output your final verdict by strictly following this format:
’[[A]]’ if Chatbot A is better, or ’[[B]]’ if Chatbot B is better.

[Client Question]
{question}

[The Start of Chatbot A’s Response]
{answer_a}
[The End of Chatbot A’s Response]

[The Start of Chatbot B’s Response]
{answer_b}
[The End of Chatbot B’s Response]

Figure 3: The prompt template used in our Solve-to-Judge (S2J) method. It instructs the model to first provide its
own solution and then judge the given candidate responses.

Model MMLU-Pro MATH GPQA Average

S-Acc J-Acc J-Acc
w/ GT S-Acc J-Acc J-Acc

w/ GT S-Acc J-Acc J-Acc
w/ GT S-Acc J-Acc J-Acc

w/ GT
General LLMs

Qwen2.5-7B-Instruct 52.7 62.1 78.3 66.0 66.8 94.1 32.0 51.0 75.2 50.3 60.0 82.6
DeepSeek-R1-Distill-Qwen-7B 61.1 63.3 84.8 88.1 83.2 90.4 59.6 46.1 73.4 69.6 64.2 82.9
Qwen2.5-32B-Instruct 72.7 70.9 95.1 74.8 73.0 95.7 46.1 56.3 92.8 64.5 66.7 94.5
DeepSeek-R1-Distill-Qwen-32B 81.6 78.9 94.3 91.2 93.2 96.3 71.7 66.0 92.6 81.5 79.4 94.4

Specialized GRMs
RISE-Judge-Qwen2.5-7B 49.8 59.0 86.1 60.2 70.5 91.6 31.3 52.0 84.4 47.1 60.5 87.4
CompassJudger-2-7B-Instruct 47.5 63.7 83.2 62.3 72.5 94.3 30.9 54.7 81.4 46.9 63.6 86.3
RM-R1-DeepSeek-Distilled-Qwen-7B 59.8 67.4 90.8 89.3 89.1 94.3 61.5 51.0 80.5 70.2 69.2 88.5
RRM-7B 55.3 66.4 92.2 92.2 87.3 95.7 60.6 54.9 86.7 69.3 69.5 91.5
RISE-Judge-Qwen2.5-32B 70.7 72.7 94.7 77.7 79.7 96.5 43.8 57.6 91.8 64.1 70.0 94.3
CompassJudger-2-32B-Instruct 71.9 68.4 93.4 80.5 77.9 96.1 48.6 55.1 88.3 67.0 67.1 92.6
RM-R1-DeepSeek-Distilled-Qwen-32B 82.8 82.2 96.9 87.5 94.3 98.0 72.1 68.2 94.7 80.8 81.6 96.5
RRM-32B 83.2 80.7 96.7 97.3 93.6 98.2 70.5 66.4 93.6 83.7 80.2 96.2

Table 6: Detailed Solving and Judging Accuracy on PPE Subsets (MMLU-Pro, MATH, GPQA). This table
provides the data corresponding to Figure 1a. We report Solving Accuracy (S-Acc), standard Judging Accuracy
(J-Acc), and Judging Accuracy with Ground Truth (J-Acc w/ GT).
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Model MMLU-Pro MATH GPQA Average
General LLMs

Qwen2.5-7B-Instruct 33.7 33.7 44.5 37.3
DeepSeek-R1-Distill-Qwen-7B 28.1 15.3 47.2 30.2
Qwen2.5-32B-Instruct 24.5 25.3 37.3 29.0
DeepSeek-R1-Distill-Qwen-32B 16.8 6.9 24.5 16.0

Specialized GRMs
RISE-Judge-Qwen2.5-7B 36.1 25.6 43.1 34.9
CompassJudger-2-7B-Instruct 33.3 23.5 43.0 33.3
RM-R1-DeepSeek-Distilled-Qwen-7B 20.6 9.8 40.3 23.6
RRM-7B 25.4 12.3 39.0 25.6
RISE-Judge-Qwen2.5-32B 22.7 17.1 33.0 24.3
CompassJudger-2-32B-Instruct 29.9 20.6 39.4 30.0
RM-R1-DeepSeek-Distilled-Qwen-32B 12.7 4.7 24.1 13.9
RRM-32B 14.6 5.6 24.7 14.9

Table 7: Detailed Solve-to-Judge Gap (P (j = 0|s = 1)) on PPE Subsets (MMLU-Pro, MATH, GPQA). This
table provides the data corresponding to Figure 1b. The values represent the percentage of problems that a model
judges incorrectly despite being able to solve them correctly.

Model Chat Chat Hard Safety Reasoning Average
General LLMs

Llama-3.1-8B-Instruct 87.2 48.1 73.9 71.9 70.3
Qwen2.5-7B-Instruct 97.5 58.3 80.4 80.0 79.1
DeepSeek-R1-Distill-Qwen-7B 88.0 56.3 72.1 84.0 75.1

Specialized GRMs
RISE-Judge-Qwen2.5-7B 92.2 76.5 88.0 96.1 88.2
CompassJudger-2-7B-Instruct 96.1 65.8 86.1 91.7 84.9
RM-R1-Qwen2.5-Instruct-7B 94.1 74.6 85.2 86.7 85.2
RM-R1-DeepSeek-Distilled-Qwen-7B 88.9 66.2 78.4 87.0 80.1
RRM-7B 87.7 70.4 80.7 90.0 82.2
S2J-Llama-3.1-8B (Ours) 94.8 54.4 85.9 82.1 79.3
S2J-Qwen2.5-7B (Ours) 97.8 74.1 84.6 87.5 86.0

Table 8: Detailed results on the subsets of RewardBench.

Model Helpfulness Harmlessness Average
General LLMs

Llama-3.1-8B-Instruct 50.2 50.8 50.5
Qwen2.5-7B-Instruct 69.5 73.2 71.4
DeepSeek-R1-Distill-Qwen-7B 65.8 60.2 63.0

Specialized GRMs
RISE-Judge-Qwen2.5-7B 72.7 76.6 74.7
CompassJudger-2-7B-Instruct 77.5 75.5 76.5
RM-R1-Qwen2.5-Instruct-7B 73.0 72.9 72.9
RM-R1-DeepSeek-Distilled-Qwen-7B 66.4 64.5 65.5
RRM-7B 68.6 67.2 67.9
S2J-Llama-3.1-8B (Ours) 72.7 69.9 71.3
S2J-Qwen2.5-7B (Ours) 76.6 73.0 74.8

Table 9: Detailed results on the subsets of RMB.
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Model Avg. Acc. (PPE-Corr) Avg. Length (Tokens)

Qwen2.5-7B-Instruct 66.9 136.7
DeepSeek-R1-Distill-Qwen-7B 64.7 2225.8

RISE-Judge-Qwen2.5-7B 70.5 519.5
CompassJudger-2-7B-Instruct 71.1 335.6
RM-R1-DeepSeek-Distilled-Qwen-7B 66.0 2086.4
RRM-7B 68.4 999.5
S2J-Qwen2.5-7B (Ours) 72.7 550.2

Table 10: Token Efficiency Comparison. S2J achieves the highest accuracy with a moderate token length.

Judgment Perf. Solve-to-Judge Gap

Training Data PPE
Corr.

PPE
Pref. P (j = 0 | s = 1) ∆

Qwen2.5-7B-Instruct 56.7 60.4 37.3 -

+ Math-DPO 62.8 54.7 20.9 -16.4
+ WebInstruct 63.1 59.8 21.0 -16.3
+ Helpsteer3 (Full Mix) 65.5 64.3 21.1 -16.2

Table 11: Ablation study on training data composi-
tion. Broadening the data mix improves overall per-
formance. Importantly, incorporating subjective data
(Helpsteer3) does not compromise performance on ob-
jective tasks, demonstrating the robustness of our ap-
proach.

B.4 Detailed Ablation on Training Data1011

Composition1012

Here we present the detailed ablation study exam-1013

ining the impact of our training data mixture com-1014

positions. The results are summarized in Table 11.1015

Our experimental results show that: (1) Training1016

S2J solely on objective data (Math-DPO and We-1017

bInstruct) can improve the model’s performance on1018

PPE Correctness and reduce the solve-to-judge gap1019

on objective tasks. However, training only on such1020

objective tasks leads to a decrease in the model’s1021

performance on subjective tasks, i.e., PPE Pref-1022

erence. (2) By introducing subjective preference1023

data from Helpsteer3, our model achieves the best1024

performance on both PPE Correctness and PPE1025

Preference. Crucially, this inclusion of subjective1026

data does not harm the model’s performance on1027

objective tasks, and the solve-to-judge gap remains1028

almost unchanged. This result validates that our1029

S2J reward design is effective and robust for both1030

objective and subjective tasks, enabling the model1031

to improve its judging capabilities across diverse1032

domains within a unified training framework.1033

B.5 Qualitative Case Study 1034

To illustrate the solve-to-judge gap, we present a 1035

detailed case study in Table 12. 1036

The base model solves the problem correctly 1037

but fails to judge the candidate responses, offering 1038

a superficial evaluation that leads to an incorrect 1039

verdict. This failure to translate its own problem- 1040

solving knowledge into evaluation highlights the 1041

gap we aim to address. Conversely, our S2J-trained 1042

model successfully bridges this gap. By first solv- 1043

ing the problem, it establishes a solid foundation 1044

for judgment, allowing it to accurately identify the 1045

logical fallacy in the incorrect response and vali- 1046

date the correct one. This case vividly shows how 1047

S2J converts solving ability into a reliable judging 1048

capability. 1049

C Evaluation Details 1050

C.1 Prompts for Baseline Models 1051

For the LLM-as-a-judge baselines, we use different 1052

prompts tailored to the respective models to ensure 1053

optimal performance. Figure 4 shows the prompt 1054

used for Qwen2.5-7B-Instruct, and Figure 5 shows 1055

the prompt used for DeepSeek-R1-Distill-Qwen- 1056

7B. 1057

C.2 Benchmark Details 1058

We evaluate our models on four diverse and widely- 1059

recognized reward model benchmarks. A brief 1060

description of each is provided below. 1061

PPE (Preference Proxy Evaluations) The Pref- 1062

erence Proxy Evaluations (PPE) (Frick et al., 2024) 1063

benchmark is composed of two main proxy task 1064

datasets: one focused on large-scale human prefer- 1065

ences and another on verifiable correctness. 1066

• PPE Correctness: This subset is a verifiable cor- 1067

rectness preference dataset created to evaluate 1068

a reward model’s ability to identify objectively 1069
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Prompt for Qwen2.5-7B-Instruct

Please act as an impartial judge and evaluate the quality of the responses provided by two AI assistants to the user question
displayed below.

You should choose the assistant that follows the user’s instructions and answers the user’s question better.
Your evaluation should consider factors such as the helpfulness, relevance, accuracy, depth, creativity, and level of detail of
their responses.
Begin your evaluation by comparing the two responses and provide a short explanation.
Avoid any position biases and ensure that the order in which the responses were presented does not influence your decision.
Do not allow the length of the responses to influence your evaluation.
Do not favor certain names of the assistants.
Be as objective as possible.

After providing your explanation, output your final verdict by strictly following this format: "[[A]]" if assistant
A is better, "[[B]]" if assistant B is better.

[Client Question]
{question}

[The Start of Chatbot A’s Response]
{answer_a}
[The End of Chatbot A’s Response]

[The Start of Chatbot B’s Response]
{answer_b}
[The End of Chatbot B’s Response]

Figure 4: The LLM-as-a-judge prompt used for evaluating the Qwen2.5-7B-Instruct model.

Prompt for DeepSeek-R1-Distill-Qwen-7B

Please act as an impartial judge and evaluate the quality of the responses provided by two AI Chatbots to the Client question
displayed below.

[Client Question]
{question}

[The Start of Chatbot A’s Response]
{answer_a}
[The End of Chatbot A’s Response]

[The Start of Chatbot B’s Response]
{answer_b}
[The End of Chatbot B’s Response]

Output your final verdict at last by strictly following this format: ’[[A]]’ if Chatbot A is better, or ’[[B]]’ if Chat-
bot B is better.

Figure 5: The LLM-as-a-judge prompt used for evaluating the DeepSeek-R1-Distill-Qwen-7B model.
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Question: Given that the point (4, 7) is on the graph of y = 3f(2x)+1, there is one point that must be on the graph of y = f(x). What is the sum of coordinates
of that point?

Chatbot A (Incorrect):
... Step 1: ... we get: f(2 · 4) = 7−1

3 = 2. Step 2: ...we can find the point on the graph of y = f(x) by dividing the x-coordinate by 2 and the y-coordinate by 3,

giving us the point (2, 7−1
3 ) = (2, 2). Step 3: The sum of the coordinates of the point (2, 2) is 2 + 2 = 4 .

Chatbot B (Correct):
... Step 1: ... 7 = 3f(2 · 4) + 1 =⇒ f(8) = 2. Step 2: ... Since f(8) = 2, the corresponding point on the graph of y = f(x) is (8, 2). Step 3: The sum of

the coordinates of this point is: x + y = 8 + 2 = 10 .

Qwen2.5-7B-Instruct (before S2J): Can solve correctly, but judges incorrectly.
Solving Process: ✓ The model correctly solves the problem on its own, providing a step-by-step derivation: "...substitute the given point into the equation:
7 = 3f(2 · 4) + 1 =⇒ f(8) = 2. Since f(8) = 2, the point (8, 2) is on the graph of y = f(x). The sum of the coordinates is 8 + 2 = 10 ."

Judging Process: ✗ The model’s evaluation is contradictory and superficial. "Evaluation of Chatbot A’s Response: ... Properly deduced the corresponding point on
the graph of y = f(x) by appropriately adjusting the coordinates. ... Accuracy: The point found is (2, 2). The sum of the coordinates is 2 + 2 = 4." (Model
praises Chatbot A’s steps but describes its incorrect results as accurate.)
"Evaluation of Chatbot B’s Response: ... Incorrectly deduced the corresponding point on the graph of y = f(x). The point (8, 2) is not derived from the given
transformation steps. Sum of the coordinates is incorrect as 8 + 2 = 10." (Model criticizes Chatbot B for deriving the correct answer.)
Final Verdict: [[A]]

S2J-Qwen2.5-7B (ours): Solve-to-Judge leads to correct judgment.
Judging Process: ✓ "First, let’s solve the client’s problem ourselves. We are given that the point (4, 7) is on the graph of y = 3f(2x) + 1. This means,
substituting x = 4, we have: 7 = 3f(2 · 4) + 1 =⇒ 6 = 3f(8) =⇒ f(8) = 2. This tells us that the point (8, 2) is on the graph of y = f(x). Hence, the

sum of the coordinates of this point is 8 + 2 = 10. So, my answer is: 10 ."
"Next, let’s evaluate the chatbot responses: 1. Chatbot A’s Response: There was an error in finding the point on the graph of y = f(x). Step 2 incorrectly applies
a transformation to the original point (4, 7) instead of using the derived fact that f(8) = 2. This led to an incorrect coordinate (2, 2) and the wrong sum. 2.
Chatbot B’s Response: This chatbot correctly solved for f(8) = 2 and correctly identified that (8, 2) is the corresponding point on the graph of y = f(x), thus
arriving at the correct sum of 10, which is accurate. 3. Final Verdict: [[B]]"

Table 12: Case study on a math reasoning task. Although the base model (Qwen2.5-7B-Instruct) can solve the
problem correctly, its judgment process is flawed and superficial (highlighted in red). In contrast, our S2J-trained
model grounds its judgment by first solving the problem, enabling it to accurately evaluate the reasoning of both
chatbots (highlighted in green). Complete responses for this case study are provided in the Table 13.

correct LLM-generated responses. It is built us-1070

ing several reputable and verifiable benchmarks,1071

including MMLU-Pro (Wang et al., 2024d),1072

MATH (Hendrycks et al., 2021), GPQA (Rein1073

et al., 2024), MBPP Plus (Liu et al., 2024b), and1074

IFEval (Zhou et al., 2023). These cover domains1075

such as general knowledge, mathematics, STEM,1076

coding, and instruction following, respectively.1077

• PPE Preference: This subset is a large-scale1078

human preference dataset designed to measure1079

how well a reward model aligns with direct hu-1080

man judgments. The data is crowdsourced from1081

Chatbot Arena (Chiang et al., 2024) and consists1082

of 16,038 labeled human preference pairs. It is1083

diverse, containing responses from 20 top LLMs1084

and user queries in over 121 languages, includ-1085

ing English, Chinese, and Russian. The prompts1086

cover various categories, such as instruction-1087

following, hard prompts, and math problems.1088

RewardBench RewardBench (Lambert et al.,1089

2024) is a benchmark dataset and codebase created1090

for the evaluation of reward models for language1091

modeling. The benchmark consists of a collec-1092

tion of prompt-chosen-rejected trios, specifically1093

designed to test reward models on comparisons1094

where there are subtle but verifiable reasons (such1095

as factual errors or code bugs) for preferring one 1096

response over another. It spans several challeng- 1097

ing categories, including general and adversarial 1098

chat scenarios (Chat, Chat Hard), safety alignment 1099

(Safety), and code and mathematical reasoning 1100

(Reasoning). 1101

RMB (Reward Model Benchmark) The 1102

RMB (Zhou et al., 2024) is a comprehensive bench- 1103

mark designed to evaluate how well reward models 1104

(RMs) can guide the alignment of large language 1105

models with human values like helpfulness and 1106

harmlessness. It is constructed from real-world 1107

user queries and covers 49 fine-grained scenarios 1108

to test the generalization of RMs. The benchmark’s 1109

results have demonstrated a positive correlation 1110

with the downstream alignment performance of 1111

RMs. 1112
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Question

Given that the point (4, 7) is on the graph of y = 3f(2x) + 1, there is one point that must be on the graph of y = f(x). What is
the sum of coordinates of that point?

Chatbot A’s Full Response (Incorrect)

To solve this problem, we will follow these steps:
1. Substitute the given point (4, 7) into the first equation to find the value of f(2 · 4). 2. Use the value of f(2 · 4) to find the
point on the graph of y = f(x). 3. Find the sum of the coordinates of the point on the graph of y = f(x).
Step 1: Substituting the point (4, 7) into the first equation, we get: 7 = 3f(2 · 4) + 1 Solving for f(2 · 4), we get: f(2 · 4) =
7−1
3

= 2
Step 2: Since the point (4, 7) is on the graph of y = 3f(2x) + 1, we can find the point on the graph of y = f(x) by dividing the
x-coordinate by 2 and the y-coordinate by 3, giving us the point (2, 7−1

3
) = (2, 2).

Step 3: The sum of the coordinates of the point (2, 2) is 2 + 2 = 4 .

Chatbot B’s Full Response (Correct)

To solve this problem, we can follow these steps:
1. Substitute the given point (4, 7) into the equation y = 3f(2x) + 1: 7 = 3f(2 · 4) + 1 7 = 3f(8) + 1 6 = 3f(8) f(8) = 2
2. Now, we need to find the point on the graph of y = f(x) that corresponds to the point (4, 7) on the graph of y = 3f(2x) + 1.
Since f(8) = 2, the corresponding point on the graph of y = f(x) is (8, 2).
3. The sum of the coordinates of this point is: x+ y = 8 + 2 = 10 .

Qwen2.5-7B-Instruct’s (before S2J) Full Judgment (Incorrect)

Let’s evaluate the quality of the two responses to the Client’s question.
### Evaluation of Chatbot A’s Response 1. **Correctness of Steps**: - Correctly identified and applied the given equation to
find f(8). - Properly deduced the corresponding point on the graph of y = f(x) by appropriately adjusting the coordinates. -
Sum of the coordinates was correctly calculated. 2. **Accuracy**: - The point found is (2, 2). - The sum of the coordinates is
2 + 2 = 4.
### Evaluation of Chatbot B’s Response 1. **Correctness of Steps**: - Correctly identified and applied the given equation to
find f(8). - Incorrectly deduced the corresponding point on the graph of y = f(x). - The point (8, 2) is not derived from the
given transformation steps. - Sum of the coordinates is incorrect as 8 + 2 = 10. 2. **Accuracy**: - The point found is (8, 2). -
The sum of the coordinates is 8 + 2 = 10, which is incorrect based on the transformation logic.
### Conclusion Chatbot A’s response is accurate and correctly answers the question. Chatbot B, on the other hand, made a
mistake in the derivation of the corresponding point on the graph of y = f(x).
Thus, the final verdict is: [[A]]

S2J-Qwen2.5-7B’s (ours) Full Judgment (Correct)

First, let’s solve the client’s problem ourselves. We are given that the point (4, 7) is on the graph of y = 3f(2x) + 1. This
means, substituting x = 4, we have: 7 = 3f(2 · 4) + 1
Simplifying, we get: 7 = 3f(8) + 1
Subtracting 1 from both sides, we have: 6 = 3f(8)
Dividing both sides by 3, we get: f(8) = 2
This tells us that the point (8, 2) is on the graph of y = f(x). Hence, the sum of the coordinates of this point is: 8 + 2 = 10 So,
my answer is: 10
Next, let’s evaluate the chatbot responses:
1. **Chatbot A’s Response**: There was an error in finding the point on the graph of y = f(x). Instead of the point being
(2, 2), it should be (8, 2) based on correctly using f(8) = 2 from the original problem transformation. This led to an incorrect
coordinate, making the sum wrong.
2. **Chatbot B’s Response**: This chatbot correctly solved for f(8) = 2 and correctly identified that (8, 2) is on the graph of
y = f(x), thus arriving at the correct sum of 10, which is accurate.
3. **Final Verdict**: [[B]]

Table 13: Complete and unabridged responses for the mathematical reasoning case study.
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