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Abstract001

The ability to model sparse and underspeci-002
fied rewards, characteristic of human prefer-003
ences, is fundamental to scaling Reinforcement004
Learning (RL). Current preference-based re-005
ward modeling largely relies on verifiable re-006
wards, where human-annotated labels define007
rule-based signals. However, these methods008
face a fundamental bottleneck we term the Ma-009
tryoshka Doll Problem: a recursive depen-010
dency where each reward verifier requires a011
meta-verifier, leading to continuous and costly012
dependence on human annotation. In this work,013
we propose DUAL RM, which couples discrim-014
inative and generative reward models (DisRMs015
and GenRMs) under a non-parametric meta-016
reward. Rather than verifying the correctness of017
GenRM’s reasoning, the meta-reward evaluates018
its practical impact on response quality. Specif-019
ically, GenRM identifies multi-dimensional020
evaluation rubrics and iteratively refines the021
response, while DisRM quantifies the quality022
shifts induced by each rubric. Furthermore,023
we implement rubric-based test-time scaling to024
improve sample efficiency and preference align-025
ment under both DPO and GRPO. Our exper-026
iments demonstrate that DUAL RM achieves027
strong performance across major preference028
benchmarks. Notably, even when trained exclu-029
sively on language modality, it exhibits robust030
cross-modal transfer on Omni-RewardBench.031

1 Introduction032

Designing learnable reward signals from environ-033

mental or external feedback remains a fundamen-034

tal challenge for reinforcement learning with large035

language models (LLMs) (Gao et al., 2022; Dong036

et al., 2024; Wang et al., 2024a; Guo et al., 2025).037

In practice, current optimization paradigms in-038

evitably encounter what we term the “Matryoshka039

Doll Problem”: a recursive verification trap where040

policies rely on reward models (RMs) for verifi-041

cation, while the RMs themselves require meta-042

RMs verifiers for validation (Wu et al., 2024; Shao043
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Figure 1: A comparison between human cognition and
DUAL RM, both of which avoid recursive verification.

et al., 2025) (See Appendix A.1 for further details). 044

This dependency chain leads to a persistent and un- 045

scalable reliance on human annotations (Liu et al., 046

2025). To break this cycle, we draw inspiration 047

from human cognition, where recursive verifica- 048

tion is resolved through grounding reward signals 049

in the observable outcomes rather than abstract 050

meta-verification. In other words, humans do not 051

require a “meta-reward signal” to validate every 052

internal thought; instead, the success or failure of 053

an action provides the final supervision signal. 054

As illustrated in Figure 1, we establish meta- 055

reward capabilities by explicitly modeling the prior 056

importance of decision rubrics, analogous to the 057

Human Cognitive Process1. We define a rubric as 058

a query-relative evaluation dimension (Saha et al., 059

2024; Gunjal et al., 2025), such as logical consis- 060

tency or factual precision, represented by a Chain- 061

of-Thought (CoT) generated by the LLMs. Given 062

1For the motivation behind introducing the human cogni-
tive process, please refer to the Appendix A.2.
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paired preference data, the GenRM first identi-063

fies multiple rubrics and generates corresponding064

judge CoTs that predict how applying a specific065

rubric should ideally improve a response (Mahan066

et al., 2024). Based on these judge CoTs, we per-067

form targeted refinements on the responses, which068

serve as predictions of rubric-induced quality im-069

provements. Simultaneously, the DisRM evaluates070

the observed response quality shifts in the refined071

responses (Bradley and Terry, 1952). The meta-072

reward is defined by the discrepancy between the073

GenRM’s expected improvement and the DisRM’s074

observed score change. By minimizing this pre-075

diction error, the GenRM updates the prior impor-076

tance of each rubric into an approximate posterior.077

This feedback loop enables the model to identify078

and prioritize the most critical rubrics for judgment,079

grounding its internal judge CoTs in observable080

outcomes without external supervision.081

By synergizing DisRMs and GenRMs2, DUAL082

RM effectively leverages the complementary083

strengths of different RMs: GenRM enables deeper084

reasoning through test-time scaling (TTS) (Snell085

et al., 2024; Zhang et al., 2024), while DisRM pro-086

vides fast and precise scoring for judgment. Dur-087

ing implementation, we encountered several key088

challenges: 1) Meta-Reward Design: How can a089

meta-reward be formulated to appropriately mea-090

sure the discrepancy between rubric-based predic-091

tions and empirical observations? 2) RM Policy092

Optimization: How can the learned priorities of093

rubrics be effectively integrated to guide policy094

updates? In Section 2, we conduct a series of pre-095

liminary studies to investigate the design of the096

meta-reward function. We identify the most ef-097

fective formulation, which enables precise ranking098

of rubric importance. In Section 3, we present a099

rubric-based TTS approach that updates the policy100

via reinforcement learning, supporting both DPO101

and GRPO. To enhance exploration, we introduce102

a rubric planning-then-selection design that allows103

the model to explore diverse rubrics while refining104

its policy to select the most effective ones.105

In experiments, we evaluate our method across106

multiple preference benchmarks to assess its ef-107

fectiveness. On RewardBench (Lambert et al.,108

2024), DUAL RM outperforms the baseline us-109

ing a single rubric reasoning, demonstrating its110

ability to capture critical evaluation dimensions.111

2For detailed related works of DisRMs and GenRMs,
please refer to the Appendix B.

To investigate whether the model internalizes gen- 112

eralized rubrics rather than merely memorizing 113

task-specific patterns, we extend the evaluation to 114

Omni-RewardBench (Jin et al., 2025), and observe 115

similarly strong performance. 116

Main Contributions and Takeaways

➜ Conceptual: We present that DUAL RM
avoid the “Matryoshka Doll Problem”
encountered in meta-verifier design and
provides an effective meta-reward design for
interpretable preference reward modeling.

➜ Methodological: We propose an RL
approach for RM, rubric-based TTS , which
can scales the model’s ability to identify critical
rubrics and supports both DPO and GRPO.

➜ Empirical: Our results demonstrate that
GenRM achieves strong performance in the
language modality and exhibits cross-modal
generalization via rubric transfer.

117

2 META-REWARD DESIGN 118

In scenarios lacking verifiable rewards, meta- 119

verifiers are often designed to mitigate reward hack- 120

ing during the RL process. However, existing ap- 121

proaches heavily rely on costly human-annotated 122

labels or heuristic supervision signals (Wu et al., 123

2024; Shao et al., 2025), which inevitably intro- 124

duce subtle biases and compound errors. In this 125

section, we formalize the meta-reward as the prac- 126

tical impact of a reward signal on policy responses. 127

To implement this, we couple GenRM’s reasoning 128

with DisRM’s scoring to quantify how predicted 129

judgments improve actual policy outputs. We fur- 130

ther evaluate various scoring functions to identify 131

the most robust approach for measurement. 132

2.1 Meta-Reward Formalization 133

Given a query Q and two responses R1 and R2, 134

GenRM aims to generate a language-based CoT 135

judgment J that serves as a proxy for human rea- 136

soning. In our work, each judgment Ji in a trajec- 137

tory τ = {Q,R1, R2, Ji}Ni=1 is generated based on 138

a different rubric3 and represents a distinct CoT 139

reasoning path. We define the meta-reward as a 140

function that maps this trajectory τi to a higher- 141

order verification signal smeta(τi), which captures 142

the relative preference among the candidate judg- 143

ments {Ji}Ni=1 in τ . The optimal meta-reward cor- 144

3Some prior works refer to rubrics as principles or criteria.
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Figure 2: The meta-reward is computed as a scalar value by jointly leveraging the GenRM and the DisRM, which
implicitly captures the importance ranking among different rubrics and their corresponding reasoning trajectories.

responds to the highest-scoring judgment, which145

also reflects the most crucial rubric. Although pre-146

vious work (Liang et al., 2025) has investigated the147

ranking of judgments, we introduce a more precise148

and generalizable estimation, which can be jointly149

estimated using DisRM and GenRM. As shown150

in Figure 2, each Ji corresponding to a different151

rubric is used to refine the original responses R1152

and R2, resulting in R̂1
i and R̂2

i . The DisRM is then153

employed to score both the original responses, pro-154

ducing scores s1 and s2, and the refined responses,155

producing scores ŝ1i and ŝ2i , respectively. Based on156

these scores, various meta-reward functions can be157

designed as follows:158

1. Direct: This metric measures the absolute159

utility of a rubric by aggregating the discrim-160

inative scores of the refined responses. It re-161

flects the overall response quality induced by162

applying rubric Ji: smeta(τi) = ŝ1i + ŝ2i .163

2. Relative: This variant emphasizes the error-164

correction effect of a rubric by focusing on165

the response originally judged as inferior:166

smeta(τi) =

{
ŝ2i − s2, if Ji = 0,

ŝ1i − s1, if Ji = 1.
167

3. Consistency: This formulation evaluates168

whether the rubric-induced refinements are169

consistent with the original judgment:170

smeta(τi) =


ŝi2 − s2, if Ji = 0 and ŝi1 > ŝi2,

ŝi1 − ŝi2, if Ji = 0 and ŝi1 < ŝi2,

ŝi1 − s1, if Ji = 1 and ŝi1 < ŝi2,

ŝi2 − ŝi1, if Ji = 1 and ŝi1 > ŝi2.

171

2.2 Empirical Studies172

To quantitatively assess the efficacy of various173

meta-reward formulations, we introduce an evalua-174

tion protocol that measures rubric sensitivity in175
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Figure 3: Performance comparison using voting over
multiple rubrics on RewardBench. (Vot@N denotes
majority voting over N rubric-based judgments.)

preference judgment performance. Specifically, 176

we rank all candidate rubrics according to their 177

smeta values and select the rubric at a specific in- 178

dex to guide the GenRM’s subsequent inference. 179

For instance, selecting the second-ranked rubric 180

(index=2) allows us to observe how second-highest 181

smeta affects final performance. A desirable meta- 182

reward function should exhibit high discriminative 183

power, showing a significant performance gap be- 184

tween high-ranked and low-ranked rubrics. Specif- 185

ically, an ideal smeta formulation should maximize 186

the performance margin between the top-tier 187

and bottom-tier rubrics, thereby providing more 188

reliable supervison for policy optimization. 189

Results. We use Qwen3-32B-FP8 as the GenRM 190

and Skywork-Reward-V2 as the DisRM to system- 191

atically evaluate the effectiveness of rubric scal- 192

ing. In particular, we examine: 1) whether rubric- 193

based reasoning leads to more accurate preference 194

judgments, and 2) whether meta-reward functions 195

yield well-calibrated rubric importance rankings. 196

As shown in Figure 3, results on RewardBench4 197

demonstrate that aggregating judgments from mul- 198

tiple rubric-based reasoning trajectories via voting 199

leads to consistent improvements in accuracy on 200

4RewardBench is a widely adopted and comprehensive
benchmark for evaluating preference-based reward models.
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Figure 4: Performance margin of multiple rubrics
ranked by different meta-reward functions. Larger mar-
gins indicate better rubric discrimination.

the Chat and Safety subsets. We also observe no-201

table failure cases: increasing the number of votes202

does not yield further improvements and instead203

degrades performance on the Chat_Hard and Rea-204

soning subsets. These observations suggest that205

different rubrics may capture distinct, and some-206

times conflicting, evaluation dimensions, leading207

to instability in simple voting aggregation. To bet-208

ter align with human preferences, it is necessary209

to identify the most critical rubrics, which in turn210

requires a reliable measure of rubric importance.211

We further evaluate the effectiveness of the meta-212

reward in Figure 4, which depicts the average per-213

formance across four RewardBench subsets. We214

observe that ranking rubrics according to their215

meta-verifier scores leads to substantial improve-216

ments, indicating that the proposed meta-reward217

effectively captures rubric importance. To quan-218

tify the impact of different meta-reward designs,219

we also analyze the performance margin in re-220

sults: 1) Introducing Consistency meta-reward221

function produces smooth and well-calibrated rank-222

ing curves, indicating that it provides a stable and223

reliable ordering of rubrics. 2) Expanding the num-224

ber of rubrics from 10 (average accuracy = 85.76)225

to 60 (average accuracy = 93.23) not only further226

improves performance but also yields better rank-227

ing curves and a effective rubric ordering.228

Notes: Here, we show that DisRM can estimate
the quality of GenRM generated rubric without
relying on an extra meta-verifier. Moreover,
we find that scaling rubrics further enhances
preference judgement performance.

229

3 DUAL RM POLICY OPTIMIZATION230

In this section, we integrate meta-rewards into231

our training pipeline to enhance RM performance.232

We first introduce rubric-based TTS, which en- 233

ables continuous policy improvement through ex- 234

ploration of diverse rubrics. Meta-rewards are then 235

used to score and rank candidate rubrics, allowing 236

the model to internalize and prioritize the most ef- 237

fective rubric. Finally, we adapt this paradigm to 238

two widely used RL algorithms, DPO and GRPO, 239

demonstrating its flexibility. 240

3.1 Rubric-based TTS 241

In traditional rubric-based preference judgment, 242

candidate rubrics are synthesized based on the 243

RM’s inherent capability. During training process, 244

this often results in limited rubric diversity, caus- 245

ing the model to repeatedly exploit a limited set of 246

rubrics and hindering further exploration. We there- 247

fore introduce a decoupled workflow that improves 248

flexibility: As shown in Figure 5, DUAL RM first 249

generates a diverse candidate rubric set through 250

explicit rubric planning, followed by a rubric se- 251

lection process to identify the most effective rubric 252

for the final judgment. 253

Under this workflow, we sample multiple rubric- 254

based reasoning trajectories and use meta-reward 255

function smeta(τi) to identify the most critical 256

rubrics. To construct a high-quality SFT dataset, 257

we select trajectories with top meta-reward scores: 258

DSFT =

{
τi

∣∣∣∣ τi = max
i

smeta(τi)

}
. 259

By prioritizing these high-scoring trajectories, the 260

GenRM learns to focus on the most crucial rubrics. 261

Furthermore, we adapt DUAL RM to RL paradigm, 262

leveraging preference gaps among rubrics and neg- 263

ative feedback to guide the model internalize the 264

corresponding reasoning strategies. 265

3.2 DPO variant 266

The effectiveness of DPO critically depends on 267

the construction of high-quality preference pairs. 268

While traditional DPO relies solely on ground-truth 269

labels for binary comparisons, our DUAL RM lever- 270

ages meta-rewards to construct fine-grained chosen- 271

rejected pairs. Here, ϵ is a fixed threshold: 272

DDPO = {(τc, τr) | smeta(τc)− smeta(τr) > ϵ} . 273

During multi-turn training, we construct data for 274

different objectives at each turn: Rubric Planning 275

Optimization: To refine rubric planning, we gener- 276

ate multiple candidate rubrics and score them using 277

the meta-reward, enabling the GenRM to prioritize 278
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Figure 5: Overview of the DUAL RM framework. The flexibility of meta-rewards allows rubric-based TTS to
be integrated with any training paradigm. It is worth noting that rubric planning and selection are introduced to
decouple rubric generation, but in practice, they can be executed within a single inference pass.

the most effective rubrics. Rubric Judgment Opti-279

mization: To improve the quality of the reasoning280

process itself, we fix the planning and selection281

choices and generate multiple judgment trajecto-282

ries under the chosen rubric. This ensures that the283

GenRM receives high-quality reasoning paths.284

3.3 GRPO variant285

We further adapt DUAL RM to the online RL286

setting using GRPO. A key challenge arises be-287

cause our GenRM relies on multiple rollouts to288

sample diverse rubric-based reasoning trajectories,289

while standard GRPO treats each trajectory inde-290

pendently. This mismatch can cause the policy to291

make inconsistent decisions across different rubric292

plans. To address this, we introduce a fixed list of293

rubric candidates and compute scalar rewards us-294

ing the Consistency meta-reward. In other words,295

the GenRM is conditioned on this shared set of296

rubrics and must select the most appropriate one297

to guide its judgment. Standard GRPO relies on298

rule-based outcome rewards that only distinguish299

whether a trajectory’s final judgment matches the300

ground truth. Concretely, the advantage is com-301

puted by normalizing binary rewards:302

Ai =
ri −mean(r)

std(r)
, r = {r1, . . . , rN},303

where ri ∈ {0, 1} indicates whether the judgment304

Ji matches the ground truth, N is the group size.305

However, outcome-level rewards collapse the entire306

Figure 6: Advantage re-estimation in GRPO.

reasoning trajectory into a single binary signal, pre- 307

venting the model from distinguishing high-quality 308

reasoning from merely correct outcomes and re- 309

sulting in coarse, misaligned credit assignment. As 310

shown in Figure 6, we leverage the meta-reward 311

to estimate the relative quality of reasoning tra- 312

jectories and redesign the advantage computation. 313

Given a set of trajectories {τi}Ni , we normalize the 314

meta-reward scores using min–max normalization: 315

316

r̃i =

smeta(τi)−min
j

smeta(τj)

max
j

smeta(τj)−min
j

smeta(τj)
. 317

We then incorporate ground-truth correctness by 318

remapping the normalized scores as: 319

ri =

{
β (r̃i + 1), if Ji = ground truth,
β r̃i, otherwise,

(1) 320

where β is a scaling factor, set by default to the 321

mean of the rule-based rewards. This design pre- 322

serves alignment with ground-truth correctness 323

while introducing fine-grained priority feedback 324

on the quality of reasoning trajectories. 325
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Models Size RewardBench RM Bench
Chat Chat H. Safety Reason. Avg. Chat Math Code Safety Avg.

GPT-O4 MINI - 95.3 81.8 91.6 98.4 91.8 77.6 93.0 80.8 93.4 86.2
DEEPSEEK-R1 671B 93.6 79.2 86.9 97.4 89.3 78.6 66.2 81.9 88.7 78.8

RISE-JUDGE-7B 7B 92.2 76.5 88.0 96.1 88.2 – – – – –
RM-R1 QWEN-7B 7B 94.1 74.6 85.2 86.7 85.2 66.6 67.0 54.6 92.6 70.2
RM-R1 QWEN-14B 7B 93.6 80.5 86.9 92.0 88.2 75.6 75.4 60.6 93.6 76.1
J1-LLAMA-8B 7B – – – – 85.7 – – – – 73.4
R3-QWEN-7B 7B 91.4 73.8 85.1 90.6 85.2 66.8 82.0 65.0 87.0 75.2
R3-QWEN3-8B 7B 93.8 78.6 86.3 96.7 88.8 69.1 93.2 75.9 87.6 81.4
QWEN3-VL-8B 7B 94.3 66.8 83.7 84.1 82.2 55.7 65.3 57.4 84.3 65.7

DUAL RM: (QWEN3-VL-8B)
SFT 8B 93.0 66.2 85.8 89.4 83.6 57.3 70.4 57.7 84.5 67.5
w/ meta-verifier 8B 96.9 72.4 90.4 93.6 88.3 73.2 80.2 75.2 94.3 80.7

DPO 8B 90.3 73.5 88.5 92.2 86.1 71.7 68.4 57.5 84.6 70.6
w/ meta-verifier 8B 92.4 81.7 90.2 93.2 89.4 76.7 74.5 64.9 90.2 76.6

GRPO 8B 92.2 82.0 88.3 91.1 88.4 73.0 68.0 57.5 93.0 72.9
w/ meta-verifier 8B 94.7 84.6 91.3 93.7 91.1 77.9 73.9 63.3 94.4 77.4

Table 1: The performance of DUAL RM on text benchmarks is evaluated using accuracy metrics. For SFT, DPO, and
GRPO settings, we report performance across individual rubrics. Specifically, in the “w/ meta-verifie” configuration,
a meta-reward score is employed to select the optimal rubric for each instance from a candidate set of 10 rubrics.

4 Experiments326

To validate the effectiveness of our proposed327

methods, we conduct experiments on widely used328

preference judgment benchmarks. For text-based329

reward modeling, we evaluate on Reward-330

Bench (Lambert et al., 2025) and RM Bench (Liu331

et al., 2024), while Omni-RewardBench (Jin332

et al., 2025) serves as a multi-modality testbed.333

Notably, includes human-annotated rubrics334

as golden preferences, making it particularly335

suitable for assessing a model’s adaptability to336

diverse scenarios. For model training, we use337

the Skywork-Reward-Preference-80K-v0.25338

dataset, which provides high-quality preference an-339

notations. The GenRM backbone is QWEN3-VL-340

8B INSTRUCT, while the DisRM is instantiated341

as Skywork-Reward-V2-LLaMA-3.1-8B6. Across342

all experiments, only the GenRM is trained; the343

DisRM is used solely for scoring and meta-reward344

estimation. We synthesized the initial dataset using345

QWEN3-32B FP8, which was used to warm up346

the model. All experiments were conducted on 8347

× NVIDIA A800 GPUs. The SFT experiments348

required approximately 2 hours, DPO experiments349

took around 10 hours, and GRPO experiments350

5https://huggingface.co/datasets/Skywork/
Skywork-Reward-Preference-80K-v0.2

6https://huggingface.co/Skywork/
Skywork-Reward-V2-LLaMA-3.1-8B

required about 30 hours. Detailed training and 351

inference setups, model hyperparameters, and 352

prompts are provided in Appendix C. 353

4.1 Main Results 354

As summarized in Table 1, DUAL RM consis- 355

tently benefits from training, achieving substan- 356

tial gains across SFT, DPO, and GRPO paradigms. 357

Notably, DUAL RM achieves a competitive pref- 358

erence judgment accuracy of 88.2 using only a 359

single rubric. In particular, it outperforms previous 360

GRPO baselines, such as J1-LLaMA (Whitehouse 361

et al., 2025) and RM-R1 (Chen et al., 2025a) with 362

7B backbones, highlighting the effectiveness of 363

rubric-based meta-reward optimization. We further 364

investigate whether using a meta-verifier to rank 365

the generated rubrics can help identify the most 366

effective rubric and thereby improve model per- 367

formance. The results indicate that incorporating 368

meta-reward further improves GRPO performance 369

by 2.7 points, achieving 91.1, which is on par with 370

the closed-source model GPT-4O MINI. 371

Despite these gains, model convergence remains 372

sensitive to training data distribution. Performance 373

on RewardBench’s Chat Hard subset improves, as 374

it favors shorter responses, but this shift negatively 375

impacts the Chat and Reasoning subsets, which 376

prefer longer outputs. A detailed analysis of these 377

effects is provided in Section 7. 378
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Models T2T TI2T TV2T T2I T2V TI2I Average

GPT-4O 86.89 75.58 77.11 69.61 73.18 73.91 76.04
GPT-4O-MINI 87.43 74.65 77.89 67.80 74.89 66.67 74.89

QWEN2.5-VL-7B-INSTRUCT (Bai et al., 2025) 80.87 66.28 78.95 65.53 64.59 50.72 67.82
INTERNVL2.5-8B (Chen et al., 2024) 72.13 64.88 65.00 64.40 61.59 53.14 63.52
INTERNVL3-8B (Zhu et al., 2025) 84.70 71.63 76.84 69.39 65.67 53.62 70.32
UNIFIED REWARD (Wang et al., 2025b) 68.58 59.77 79.47 68.93 79.83 46.86 67.24
UNIFIED REWARD 1.5 (Wang et al., 2025a) 67.76 67.39 78.68 67.57 78.97 50.72 68.52
OMNI-REWARDMODEL R1 (Jin et al., 2025) 81.77 69.53 75.53 71.20 62.02 55.56 69.26
OMNI-REWARDMODEL BT (Jin et al., 2025) 85.79 72.79 79.47 67.12 72.75 65.70 73.93

DUAL RM: (Qwen3-VL-8B)
SFT 78.51 66.11 76.05 67.73 74.62 57.35 70.06

GRPO 83.88 70.46 76.57 70.68 77.41 68.11 74.51

Table 2: Comparison of model performance on Omni-RewardBench across 6 multimodal subsets. Here, I denotes
Image and V denotes Video. For example, TextV2Text indicates that the user query contains both text and video,
while the model response is text only. (All results are evaluated against the human-annotated golden rubrics.)

4.2 Learning Generalization from Rubrics379

We further investigate whether our method can ac-380

quire rubric-based judgment capabilities and, more381

importantly, whether these capabilities generalize382

across diverse scenarios. To this end, we evaluate383

the model on Omni-RewardBench, a multimodal384

preference benchmark featuring human-curated385

rubrics. Notably, our model is trained exclusively386

on the language modality of the Omni dataset. To387

enhance the quality of reasoning trajectories during388

GRPO training, we replace generated rubrics with389

gold-standard rubrics in the planning phase. At test390

time, we also use human annotated golden rubrics391

for preference evaluation, which serves as the de-392

fault and fair evaluation protocol in the benchmark.393

As shown in Table 2, evaluation on 6 unseen sub-394

sets across multiple modalities reveals that DUAL395

RM achieves an average improvement of 4 points396

(from 70.06 to 74.51). Notably, DUAL RM also397

outperforms OMNI-REWARDMODEL R1, which398

was trained with multi-modality dataset. These re-399

sults demonstrate that our method enables GenRMs400

to generalize rubric-based reasoning far beyond401

their initial modality.402

5 Analysis403

5.1 Does the Choice of DisRM Affect the Final404

Performance of GenRM?405

In previous experiments, we employed a strong406

DisRM as the meta verifier to help GenRM se-407

lect the best rubric. However, it remains unclear408

whether the observed improvements in GenRM409

performance are driven by the inherent capabili-410

91.1

89.9

90.0

89.9

89.5

96.4

92.5

88.8

84.4

74.5

(w/ meta-verifer)

Dual RM GRPO 88.4

Figure 7: Performance comparison on Reward Bench
using different DisRMs as meta-verifiers.

ties of the DisRM, or if they depend entirely on 411

it. To investigate this, we systematically evaluate 412

the impact of using DisRMs with varying levels 413

of capability as meta-verifiers for ranking GenRM 414

outputs. As shown in Figure 7, even the weak- 415

est DisRM, LLaMA-3-Tulu-2-8B-UF-Mean-RM, 416

which achieves only 74.5 accuracy on Reward- 417

Bench, is able to improve the GenRM performance 418

from 88.4 to 89.5 (15 point gain relative to its own 419

score). Stronger DisRMs further enhance rank- 420

ing consistency, leading to improved top-ranked 421

GenRM outputs. More detailed numerical results 422

from the experiments can be found in the Ap- 423

pendix C.2. These findings indicate that DUAL 424

RM effectively leverages DisRMs of varying qual- 425

ity to extend the reasoning capabilities of GenRM. 426

5.2 Does the DUAL RM Learn to Generate 427

Crucial Rubrics? 428

We further investigate whether the trained model 429

can generate more critical rubrics. To this end, 430

we compare the SFT, DPO, and GRPO models by 431

having each generate 10 candidate rubrics, which 432

are then ranked by a meta-verifier. As shown 433
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in Figure 8, the GRPO model consistently pro-434

duces more accurate top-ranked rubrics compared435

to models trained with other methods. Additionally,436

the median evaluation scores of rubrics generated437

by GRPO surpass those of the other approaches.438

These results show that GRPO not only improves439

the quality of the top-ranked rubrics, but also en-440

hances the overall judgment ability across all gen-441

erated rubrics. This suggests that our approach442

enables the model to continually internalize new443

rubrics through exploration, thereby strengthening444

its rubric-based reasoning capabilities.445

5.3 Meta-Reward as a Measure of Confidence446

Meta-reward scores can be interpreted as a form of447

confidence for model judgments. Given multiple448

candidate rubrics, we normalize their meta-reward449

scores using a softmax function to obtain confi-450

dence for each rubric: higher scores indicate that451

the model assigns greater importance to the corre-452

sponding rubric in guiding its reasoning. As illus-453

trated in Figure 9, after GRPO training, the model’s454

confidence in the top-ranked rubric (R1) increases455

substantially, indicating that it has learned to prior-456

itize the most effective evaluative rubric.457

6 Related Works 458

Current reward modeling paradigms for meta- 459

verifiers (Wu et al., 2025; Li et al., 2025) rely heav- 460

ily on human-designed priors, which hinders their 461

scalability across diverse tasks and domains. To ad- 462

dress this, recent efforts have integrated DisRM and 463

GenRM to introduce meta-level supervision signals 464

beyond scalar rewards. Specifically, Ankner et al. 465

(2024) jointly optimize generative and discrimina- 466

tive objectives by leveraging reasoning rationales 467

to improve scoring accuracy. Similarly, Yu et al. 468

(2025) utilize self-generated critiques as explicit ev- 469

idence to improve scalar reward predictions. How- 470

ever, these self-rewarding approaches (Yuan et al., 471

2024b; Prasad et al., 2024) remain bottlenecked 472

by the model’s inherent reasoning limits or consis- 473

tency constraints. In contrast, we propose DUAL 474

RM, which synergizes DisRM and GenRM to 475

exploit their inherent complementarities: while 476

DisRM provides robust ranking, GenRM offers 477

interpretable, fine-grained feedback. 478

7 Conclusion 479

DUAL RM goes beyond rule-based preference re- 480

ward modeling and introduces a flexible paradigm 481

with several key advantages: First, it improves the 482

scalability of meta-verification by reducing reliance 483

on human designed rules, allowing task-specific 484

policy optimization and reward modeling to be 485

jointly guided by preference data; Second, it is 486

training-agnostic and can be seamlessly integrated 487

with mainstream paradigms such as SFT, DPO, and 488

GRPO, with meta-rewards providing adaptive su- 489

pervision; Third, it offers rubric-level interpretabil- 490

ity for its judgments, providing actionable insights 491

for analyzing model behavior and identifying po- 492

tential data distribution issues. Overall, DUAL 493

RM substantially reduces human supervision costs 494

while enabling continual model improvement. 495
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Limitations496

DUAL RM is the first work to leverage both DisRM497

and GenRM to address the recursive dependency498

problem in meta-verifier design. Despite its effec-499

tiveness, several limitations remain in practice:500

• Dependence on DisRM capability: The per-501

formance of meta-rewards is influenced by502

the capability of the DisRM. Using a weak503

DisRM may lead to unreliable supervision504

signals, as DisRMs excel at in-distribution505

reward modeling but often fail under out-of-506

distribution evaluation scenarios.507

• Sensitivity to training data distribu-508

tion:GenRM training is highly sensitive to509

the underlying data distribution, meaning that510

the distribution of training and inference data511

should be consistent to ensure reliable perfor-512

mance. In our experiments, using only the513

Skywork-Reward-Preference-80K-v0.2514

dataset limited performance on RM Bench.515

Achieving robust results across multiple516

benchmarks typically requires careful dataset517

balancing, consistent with best practices in518

recent studies (Muennighoff et al., 2025; Ye519

et al., 2025).520

Due to these factors, DUAL RM may not perform521

optimally in certain scenarios. However, it is impor-522

tant to note that in real-world applications, building523

a data flywheel is essential. Preference data should524

be continuously collected to correct and enhance525

model performance. DUAL RM offers a practical526

mechanism to sustain a data flywheel: as more527

preference data is collected, the DisRM becomes528

stronger, which in turn further enhances GenRM,529

enabling continuous improvement in performance.530
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A Preliminary787

A.1 The Porblem of “Matryoshka Doll”788

The “Matryoshka Doll Problems”:

Policy Model Reward Model Meta-Reward Model

Recursive depen dency where each 
reward verifier requires a meta-verifier, 
leading to continuous and costly 
dependence on human annotation

Human supervision is required to accurately 
verify both reward and meta-reward signals, 
whether for training data annotation or model 
performance evaluation.

Figure 10: Illustration of the challenges encountered in
the design and validation of meta-reward signals.

The Matryoshka Doll Problem describes a re-789

cursive dilemma in reward design: the attempt to790

mitigate negative behaviors in a policy model by791

introducing new reward constraints often inadver-792

tently induces external biases, as shown in Fig-793

ure 10. These secondary biases, in turn, necessitate794

further "meta-reward" constraints. This issue arises795

from the inherent misalignment between reward796

evaluation and policy evaluation. While reward797

functions serve as scalar proxies for human inten-798

tions, policy evaluation assesses overall task perfor-799

mance. Since these proxies rarely align perfectly,800

agents may exploit “shortcuts” (commonly referred801

to as reward hacking) to maximize cumulative re-802

turns, producing behaviors that diverge from the803

designer’s original intent. Ultimately, this approach804

incurs a continuous design cost. The Matryoshka805

Doll Problem suggests that explicit rule-constraint806

fails to achieve robust intent alignment; instead, it807

traps the model in a instability loop where over-808

correction leads to unpredictable performance.809

A.2 Human Cognitive Process810

In conventional RL, policy optimization and cor-811

rection mainly rely on trial-and-error (Sutton et al.,812

1998) under a deterministic reward signal. When a813

model’s behavior deviates from expectations, pol-814

icy updates typically rely on reward function ad-815

justments. However, this approach is prone to the816

Matryoshka Doll Problem, as the reward serves817

only as an indirect proxy for human intent. Mod- 818

ifying the reward often introduces new forms of 819

reward hacking, which in turn necessitate further 820

corrections, creating a recursive and unstable op- 821

timization loop. In contrast, human cognitive pro- 822

cesses (Huang and Rao, 2011; Millidge et al., 2021) 823

offer a more robust alternative. Rather than blindly 824

maximizing reward, policy improvement is guided 825

by discrepancies between predicted and observed 826

outcomes. When observed outputs deviate from 827

the model’s expectations, the system updates its 828

internal world model or task representation instead 829

of pursuing higher scores. By minimizing the 830

prediction-observation gap, the agent inherently re- 831

duces uncertainty and avoids exploiting superficial 832

reward signals. Consequently, the policy evolves 833

not by manipulating external scores, but by improv- 834

ing the accuracy of its predictions. 835

B Related Work 836

Aligning LLMs with human intent (Bai et al., 2022; 837

Ouyang et al., 2022) is widely recognized as a fun- 838

damental challenge toward artificial general intel- 839

ligence. Early alignment efforts primarily rely on 840

imitation learning, typically implemented via su- 841

pervised fine-tuning (SFT), which trains models to 842

reproduce human demonstrations. However, imita- 843

tion learning is limited in its ability to capture pref- 844

erences and long-horizon objectives. To address 845

these limitations, RL–based approaches (Schulman 846

et al., 2017; Shao et al., 2024) introduce auxil- 847

iary reward models to provide more expressive 848

supervision signals. These reward models enable 849

LLMs not only to generate high-quality reason- 850

ing trajectories, but also to perform fine-grained 851

preference modeling that supports the optimization 852

of underspecified or ambiguous objectives (Chen 853

et al., 2025b). In this section, we provide a review 854

of existing reward modeling paradigms, including 855

traditional DisRMs and GenRMs. DisRMs as a 856

“fast-thinking” mechanism, providing scalar scores 857

to guide model behavior. In contrast, GenRMs run 858

a “slow-thinking”, generating explicit CoT that cap- 859

ture the underlying rationales behind judgments. 860

While reward modeling can take various forms: 861

such as point-wise, pair-wise, or list-wise ranking, 862

this work focuses on the pairwise, which remains 863

the most widely adopted approach in Reinforce- 864

ment Learning from Human Feedback (RLHF). 865

Pairwise reward modeling aims to compare model 866

outputs and identify which response better aligns 867
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with human preferences, thereby enabling the con-868

struction of reward functions to guide model op-869

timization. Formally, let x denote a user query,870

and y+, y− denote two responses generated by the871

LLMs, where y+ is preferred over y− by a human872

annotator. The reward model rθ(x, y) is parame-873

terized as a function that evaluates the quality of a874

given paired data. The learning objective of RMs875

is to ensure that:876

rθ(x, y
+) > rθ(x, y

−).877

Both Scalar RMs and GenRMs can optimize this878

pairwise objective. Scalar RMs project contextual879

representations into scalar scores via an MLP head880

and are typically trained with the Bradley–Terry881

loss. In contrast, GenRMs treat reward modeling882

as a conditional generation task and are optimized883

using standard language modeling loss functions.884

B.1 Discrimnative Reward Modeling885

The Bradley-Terry (BT) model (Bradley and Terry,886

1952) is a classical probabilistic framework for887

modeling preferences based on pairwise compar-888

isons. It assumes that each option is assigned a889

utility score, and the probability of one option be-890

ing preferred over another depends on the relative891

magnitude of their scores. Formally, for a pair of892

options i and j, the preference probability is:893

P (i ≻ j) =
er(i)

er(i) + er(j)
,894

where r(i) and r(j) denote the scores (log-utilities)895

of options i and j, respectively. This is equivalent896

to applying a softmax function over the two scores.897

A notable application is in the Chatbot Arena 7,898

where outputs from different models are evaluated899

through pairwise comparisons, and these compar-900

isons are aggregated to produce a global preference901

ranking or implicit reward signal (Sun et al., 2025).902

In several recent works, Yuan et al. (2024a) ex-903

tend the BT framework by incorporating absolute904

rewards for individual actions, improving its suit-905

ability for binary comparison tasks. Yang et al.906

(2024) impose regularization on the internal repre-907

sentations of reward models, enhancing their gen-908

eralization to out-of-distribution (OOD) examples909

and mitigating overfitting to specific training dis-910

tributions. Additionally, multi-objective reward911

formulations have been proposed to capture di-912

verse human preferences, allowing models to rea-913

son over trade-offs across multiple rubrics (Wang914

7https://lmarena.ai/leaderboard

Hyperparameter Value

Optimizer AdamW
Number of GPUs 8
Per device train batch size 2
Gradient accumulation steps 8
Sequence cutoff length 8192
Number of training epochs 1
Learning rate (SFT) 1e-5
Learning rate (DPO) 1e-6
Learning rate scheduler cosine
Warmup ratio 0.1

Table 3: Hyperparameters used for SFT training.

Hyperparameter Value

Optimizer AdamW
Number of GPUs 8
Train batch size 128
PPO mini batch size 32
PPO micro batch size per gpu 4096
Number of training epochs 1
Actor optim lr 1e-6
Use kl loss False
Entropy coeff 0.0
Rollout n 4
Rollout name sglang
Rollout temperature 1.0
Rollout top_p 0.9

Table 4: Hyperparameters used for GRPO training.

et al., 2024b). Nonetheless, their scalability is con- 915

strained due to the strong dependence on extensive 916

human annotated datasets. 917

B.2 Generative Reward Modeling 918

The emergence of GenRMs has been largely en- 919

abled by advances in LLMs (Zheng et al., 2023; 920

Mahan et al., 2024), particularly due to their capac- 921

ity for self-improvement techniques such as CoT 922

reasoning and test-time self-improvement. Recent 923

studies (Cao et al., 2024; Ye et al., 2024) have 924

explored optimizing reward models via GenRMs 925

under preference modeling objectives, including 926

both pairwise and single-point rewards. In addi- 927

tion to scoring, GenRMs can function as feedback 928

mechanisms or assist in correcting errors in tasks 929

such as mathematics (Gao et al., 2024; Zhang et al., 930

2024). A notable advantage of GenRMs is their 931

ability to generate interpretable reasoning trajec- 932
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Models Chat Chat H. Safety Reasoning Avg.

SKYWORK-REWARD-V2 (LLAMA-3.1-8B) - - - - 96.4
DUAL RM GRPO 92.2 82.0 88.3 91.1 88.4
w/ meta-verifier 94.7 84.6 91.3 93.7 91.1

SKYWORK-REWARD-V1 (LLAMA-3.1-8B) 95.8 87.3 90.6 96.2 92.5
DUAL RM GRPO 92.2 82.0 88.3 91.1 88.4
w/ meta-verifier 93.6 84.0 90.4 92.0 90.0

LLAMA-3.1-8B-INSTRUCT-RM-RB2 95.8 81.6 89.3 88.7 88.8
DUAL RM GRPO 92.2 82.0 88.3 91.1 88.4
w/ meta-verifier 95.5 81.8 90.4 92.0 89.9

FSFAIRX-LLAMA-3-RM-V0.1 99.4 65.1 86.8 86.4 84.4
DUAL RM GRPO 92.2 82.0 88.3 91.1 88.4
w/ meta-verifier 95.5 81.8 90.4 91.9 89.9

LLAMA-3-TULU-2-8B-UF-MEAN-RM 95.3 59.2 61.6 82.1 74.5
DUAL RM GRPO 92.2 82.0 88.3 91.1 88.4
w/ meta-verifier 96.0 80.9 89.1 91.8 89.5

Table 5: Performance Comparison of DUAL RM GRPO Using Various DisRMs as Meta-Verifiers

tories, which can guide humans or downstream933

models in further refinement. However, despite934

their ability to leverage LLM-based CoT reason-935

ing and test-time scaling, the generative process of936

GenRMs remains not explicitly supervised, which937

limits both validation and scalability.938

C Training and Inference939

C.1 Implementation Details940

We conducted experiments for SFT and GRPO941

within the DUAL RM framework using LLa-942

MAFactory (Zheng et al., 2024) and Verl (Sheng943

et al., 2024). All datasets were trained under identi-944

cal hyperparameter settings. To reduce training and945

inference costs, we limited the maximum number946

of rubrics to 10. For DPO data filtering, we set947

ϵ = 20 to construct high-quality chosen-rejected948

pairs. The hyperparameters for SFT and GRPO are949

summarized in Table 3 and Table 4 , respectively.950

C.2 The Detailed Results of Figure 7951

As shown in Table 5, the DUAL RM GRPO model952

achieves a baseline performance of 88.4. Using953

a stronger DisRM as the meta-verifier further im-954

proves the model’s performance to 91.1, highlight-955

ing the positive impact of higher-quality verifica-956

tion. Notably, even when using a weaker DisRM,957

performance still increases from 88.4 to 89.9, show-958

ing that DUAL RM consistently benefits from meta-959

verifier guidance regardless of the DisRM’s individ- 960

ual capability. These results demonstrate the robust- 961

ness and generalizability of our methods, demon- 962

strating that both strong and moderate DisRMs can 963

help the model refine its reasoning and produce 964

higher-quality outputs. 965

C.3 Prompt Engineering 966

During model training, we developed a set of fixed 967

prompts to guide the learning process, as shown in 968

Figures 11, 12, 13, and 14. Although the Qwen3- 969

VL backbone exhibits robust instruction-following 970

ability, it sometimes generates outputs that devi- 971

ate from the desired response format during infer- 972

ence. By applying rejection sampling combined 973

with SFT training, our model effectively mitigates 974

these format inconsistencies, resulting in more reli- 975

able outputs. 976
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Thinking Prompt

Given a user query and two responses, produce a comprehensive and well-structured set of
evaluation criteria that can be used to distinguish the relative quality of the two responses. The
evaluation criteria should be formulated in a way that is directly applicable to human preference
annotation or reward-model training. ### Input:[User Question]:query [The Start of Assistant
A’s Answer]:response 1[The End of Assistant A’s Answer] [The Start of Assistant B’s Answer]:
response 2[The End of Assistant B’s Answer] Please output:

Figure 11: Prompt Design for Rubric Planning.

Thinking Prompt

Given a predefined set of evaluation rubrics, identify the rubric that is most critical for assessing
alignment with the user’s intent. ### Required output format (produce exactly this structure —
replace placeholders with real content):<Rubric> Name. Explanation.</Rubric> ###Please output
your analysis::

Figure 12: Prompt Design for Rubric Selection.

Thinking Prompt

You are an objective, impartial, and unbiased content evaluator. Given a criteria list describing
how two responses should be compared, identify the three most critical evaluation dimensions that
are most relevant to determining which response better fulfills the user’s intent. Then produce a
rigorous, evidence-based comparison and a single final verdict indicating which response better
fulfills the user’s intent. ### Required output format (produce exactly this structure — replace
placeholders with real content):<Criteria> Name. Explanation. <Judge A>xxx</Judge A><Judge
B>xxx</Judge B></Criteria>...The final verdict is [[A]] or [[B]] ###Please output your analysis
and final verdict:

Figure 13: Prompt Design for Model Judgments.

Thinking Prompt

Based on the evaluator’s comments, revise Response. Your revisions must strictly follow the
evaluator’s feedback. Do not simply merge the two responses; modify each independently based on
its respective issues. ### Input:[User Question]:query[The Start of Assistant Answer]:response[The
End of Assistant Answer][The Start of Comments]:criteria[The End of Comments] ###Output
only the improved versions of Response:

Figure 14: Prompt Design for Response Correction.
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