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Abstract001

While test-time scaling has revolutionized rea-002
soning models, its application to automated003
evaluation (LLM-as-a-Judge) remains underex-004
plored. We identify that existing judges, even005
those fine-tuned on reasoning data, fail to bene-006
fit from Simple Test-Time Scaling (STTS) and007
often degrade into verbose hallucinations. To008
address this, we introduce J1-7B, an LLM-as-009
a-Judge trained via a two-stage paradigm: Su-010
pervised Fine-Tuning on reflection-enhanced011
datasets followed by Reinforcement Learning012
with Verifiable Rewards (RLVR). Empirically,013
J1-7B surpasses state-of-the-art open-source014
judges by around 5.0% and exhibits 4.1% rela-015
tive performance gain under STTS. Crucially,016
our analysis reveals that effective scaling behav-017
ior emerges primarily during the RL phase. Fur-018
thermore, we provide an information-theoretic019
analysis demonstrating that J1-7B’s extended020
reasoning facilitates genuine semantic refine-021
ment, effectively distinguishing valid reliabil-022
ity from the artificial certainty and mode col-023
lapse. Finally, we show that extended reasoning024
achieves superior calibration, thereby rendering025
the model amenable to rigorous risk-controlled026
selective prediction.027

1 Introduction028

The evaluation of AI models is fundamental to029

their success (Hoffman et al., 2018), especially030

within the context of Reinforcement Learning from031

Human Feedback (RLHF) (Ouyang et al., 2022),032

where accurately assessing model outputs directly033

guides policy improvement. The ability to assess034

model outputs effectively is also critical to ensuring035

their reliability, safety, and alignment with human036

goals. However, traditional evaluation methods,037

such as scalar reward models (Gao et al., 2023;038

Bradley and Terry, 1952), often lack interpretabil-039

ity and transparency, which limits their ability to040

explain why certain responses are deemed better041

than others. This lack of clarity can hinder trust in042

AI systems and reduce their overall effectiveness 043

in real-world applications. 044

In response to these challenges, the "LLM-as-a- 045

Judge" paradigm has gained prominence (Gu et al., 046

2024; Li et al., 2024). This approach leverages 047

the capabilities of LLMs themselves to evaluate 048

the outputs of other AI systems, often other LLMs. 049

The rationale is compelling: LLMs, particularly 050

those fine-tuned with methods like RLHF, demon- 051

strate a strong ability to understand instructions and 052

align with human preferences (Zheng et al., 2023), 053

making them plausible candidates for automated 054

evaluation. This method offers potential advan- 055

tages in terms of speed, cost-efficiency, scalability, 056

and adaptability compared to purely human-based 057

assessment (Hosking et al., 2023). 058

However, the LLM-as-a-Judge approach is not a 059

panacea. Ensuring the reliability and trustworthi- 060

ness of LLM-as-a-Judge systems remains a signifi- 061

cant open challenge. Specifically, LLM-as-a-Judge 062

also tends to struggle when evaluating tasks requir- 063

ing complex reasoning, such as mathematics or 064

coding, particularly if the judge model itself lacks 065

proficiency in those areas (Kim et al., 2024; Yu 066

et al., 2025a). With the advent of large reason- 067

ing models (OpenAI, 2024; Guo et al., 2025; Team 068

et al., 2025), a common paradigm for enhancing the 069

reasoning capabilities of LLMs involves test-time 070

scaling (Snell et al., 2024). Existing methods in- 071

clude Best-of-N sampling, which relies on external 072

validators to select the optimal response (Light- 073

man et al., 2023; Wu et al., 2024b), and sequen- 074

tial refinement, which iteratively revises outputs 075

by extending Chain-of-Thought (CoT) reasoning 076

with reflective steps (Madaan et al., 2023; OpenAI, 077

2024; Muennighoff et al., 2025). Nevertheless, 078

these test-time scaling techniques have primarily 079

focused on solving tasks, leaving their effective- 080

ness in evaluation scenarios underexplored. This 081

gap naturally leads to a scientific question: Can 082

applying test-time scaling techniques to LLM-as-a- 083
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Judge enhance its quality and reliability?084

To address the above question, we introduce J1-085

7B, an LLM-as-a-Judge trained through a com-086

bination of Supervised Fine-Tuning (SFT) and087

Reinforcement Learning (RL), specifically opti-088

mized to benefit from Simple Test-Time Scaling089

(STTS) (Muennighoff et al., 2025), where we ap-090

pend thinking tokens like "Wait," multiple times to091

encourage the model to think longer before provid-092

ing final answers. We provide more discussion on093

different test-time-scaling techniques with respect094

to parallel decoding and STTS in Appendix A. In095

contrast to previous approaches (Yu et al., 2025a;096

Shiwen et al., 2024) that train LLM-as-a-Judge097

solely on general judgment datasets and result in098

limited scaling behavior under STTS, our method099

introduces a two-stage training paradigm that effec-100

tively enhances reflective reasoning. Specifically,101

we first curate a reflection-enhanced dataset aug-102

mented explicitly by STTS tokens through rejection103

sampling, enabling an effective cold-start initializa-104

tion that teaches the model how to utilize reflective105

reasoning tokens optimally. Subsequently, we ap-106

ply RL with verifiable rewards to empower the107

model to autonomously refine and optimize its re-108

flective capabilities. As a result of this combined109

training strategy, our model, J1-7B, achieves no-110

table performance improvements and demonstrates111

an enhanced scaling trend under STTS during in-112

ference.113

To sum up, our key contributions are:114

• Methodology: We identify that existing115

judges trained on general datasets suffer116

from mode collapse under STTS. To ad-117

dress this, we propose a novel paradigm that118

initializes LLM-as-a-Judge with reflection-119

enhanced SFT and reinforces it via RL, en-120

abling the model to optimally leverage think-121

ing tokens.122

• Mechanism & Analysis: We demonstrate123

that effective scaling behavior emerges pri-124

marily during the RL stage. Furthermore, our125

information-theoretic analysis confirms that126

this extended reasoning facilitates genuine se-127

mantic refinement and superior calibration,128

rendering the model amenable to rigorous risk-129

controlled selective prediction.130

• Empirical Results: Validating our approach,131

J1-7B surpasses state-of-the-art baselines by132

around 5.0% in overall performance and ex- 133

hibits 4.1% relative performance gain under 134

STTS. 135

2 Related Works 136

2.1 LLM-as-a-Judge 137

Evaluating LLMs on open-ended tasks is challeng- 138

ing due to the scalability issues and biases of hu- 139

man feedback (Kirk et al., 2023). This has driven 140

the "LLM-as-a-judge" paradigm as a scalable al- 141

ternative (Hosking et al., 2023; Gu et al., 2024; 142

Li et al., 2024). Approaches include fine-tuned 143

judges (Zhu et al., 2023; Wang et al., 2023; Li 144

et al., 2023), reasoning-based judges incorporating 145

critiques (Ankner et al., 2024; Zhang et al., 2024b; 146

Yu et al., 2024; Ye et al., 2024; Whitehouse et al., 147

2025) or structured plans (Saha et al., 2025; Wang 148

et al., 2025), and enhancing judging as a general ca- 149

pability (Yu et al., 2025a). Advanced applications 150

further extend to iterative refinement (McAleese 151

et al., 2024), meta-judging (Wu et al., 2024a), and 152

scalable oversight (Kenton et al., 2024). 153

2.2 Test-Time Scaling 154

Scaling inference compute via intermediate tokens, 155

demonstrated by OpenAI’s o1/o3 (OpenAI, 2024) 156

and replications like Deepseek R1 (Guo et al., 157

2025) and others (Team et al., 2025; Wang et al., 158

2024a; Zhang et al., 2024a), significantly enhances 159

reasoning. Alternatively, parallel decoding (Snell 160

et al., 2024; Wu et al., 2024b; Brown et al., 2024) 161

improves performance by generating multiple can- 162

didates, proving effective across domains (Zhang 163

et al., 2025; Chan et al., 2024; Ehrlich et al., 2025; 164

Liu et al., 2025a; Xu et al., 2024a; Liu et al., 2025b; 165

Ye et al., 2025). 166

Recently, Simple Test-Time Scaling 167

(STTS) (Muennighoff et al., 2025) has emerged 168

as a lightweight strategy that induces reflection 169

by inserting special tokens such as “wait.” While 170

more efficient than repetitive sampling, existing 171

STTS studies primarily focus on math and code 172

tasks (Yu et al., 2025b; Shah et al., 2025). 173

We argue that, in evaluative settings, the prin- 174

cipal value of STTS lies in its ability to improve 175

model calibration, an aspect largely unexplored in 176

prior work focused on accuracy. Unlike generative 177

reasoning models that aim to identify a correct so- 178

lution path, an effective judge must reliably express 179

uncertainty when evidence is ambiguous. Our anal- 180

ysis demonstrates that STTS regularizes internal 181
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Name three ways to extend 
the battery life of a laptop.

Three ways to extend the 
battery life of a laptop are: 1. 
Reduce the brightness of ...

Three ways to extend the 
battery life of a laptop include 
limiting the usage of the ...

Question

Answer A

Answer B

[Omitted....]
Answer B's enabling 
power-saving settings 
is good. But maybe not 
as specific as Answer 
A's suggestions.

[Omitted....]
Answer B's enabling 
power-saving settings 
is good. But maybe not 
as specific as Answer 
A's suggestions.

Although answer A gives 
more detailed and specific 
methods, which is better 
for helpfulness, it has five 
points instead of three. 
[Omitted...]
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Sample Advantage

Update

Name three ways to 
extend the battery 
life of a laptop.Question

Three ways to extend 
the battery life of a 
laptop are: 1. Reduce 
the brightness of ...

Three ways to extend 
the battery life of a 
laptop include limiting 
the usage of the ...

Answer A

Answer B

Answer B's 
enabling 
power-saving 
settings is 
good. But 
maybe not as 
specific as 
Answer A's 
suggestions.

Stage 3: Test-Time Scaling

Figure 1: Pipeline of J1-7B. We first curate the SFT dataset through rejection sampling and subsequently apply RL
training to integrate STTS capabilities into J1-7B .

confidence, yielding high-fidelity reliability and182

enabling rigorous risk-controlled selective predic-183

tion. These theoretical guarantees distinguish our184

work from a simple cross-domain application and185

position STTS as a key mechanism for building186

trustworthy evaluation systems.187

3 Simple Test-Time Scaling for188

LLM-as-a-Judge189

In this section, we outline our methodological190

framework in detail. In Section 3.1, we intro-191

duce key concepts, including task definitions and192

a comparison between traditional reward models193

and LLM-as-a-Judge . In Section 3.2, we describe194

the collection of the SFT dataset via rejection sam-195

pling; In Section 3.3, we detail our RL training196

approach using a verifiable reward signal; In Sec-197

tion 3.4, we introduce the budget-forcing mecha-198

nism designed for STTS.199

3.1 Overview200

The core objective of our work is to improve the201

capability of an LLM-as-a-Judge in distinguish-202

ing the quality of responses. Formally, the task203

consists of a query q, two candidate responses a1204

and a2 generated by different models, and a corre-205

sponding human-provided preference rtrue. Specifi-206

cally, if the first response a1 is preferred, rtrue = 0;207

conversely, if the second response a2 is preferred,208

rtrue = 1.209

Traditionally, a reward model predicts scalar210

scores for each response by evaluating the pairs 211

(q, a1) and (q, a2) separately, denoted as r
(1)
predict 212

and r
(2)
predict, respectively. The predicted preference 213

rpredict is determined as: 214

rpredict =

0, if r(1)predict > r
(2)
predict

1, otherwise
(1) 215

In contrast, an LLM-as-a-Judge typically takes 216

pair-wise input and is prompted to directly output 217

a preference decision, formally represented as: 218

rpredict = LLM(q, a1, a2, c), rpredict ∈ {0, 1} (2) 219

where c is the prompt template that asks LLM 220

to choose the preferred response and formulate 221

the output in the corresponding format. The de- 222

tailed templates for the pair-wise input method 223

are provided in Appendix I. The accuracy metric 224

acc(rtrue, rpredict) is used to quantify the model’s 225

effectiveness; higher accuracy indicates a greater 226

ability to distinguish between responses. 227

3.2 Supervised-Finetuning Dataset Curation 228

via Rejection Sampling 229

To endow the model with foundational reason- 230

ing capabilities, a supervised dataset for cold- 231

start training is essential. Specifically, our initial 232

dataset is curated from publicly available sources, 233

including HelpSteer2 (Wang et al., 2024b), Off- 234

setbias (Park et al., 2024), Wildguard (Han et al., 235
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2024) and Magpie (Xu et al., 2024b). To augment236

this dataset with intermediate reasoning steps, we237

utilize Deepseek-R1 (Guo et al., 2025), a power-238

ful, open-source reasoning model, to generate in-239

termediate thought processes along with the final240

answers.241

To ensure the quality of the collected reasoning242

trajectories, we adopt a rejection sampling strat-243

egy: we retain only those trajectories whose final244

answers align with the provided correct answers245

in the original dataset. Specifically, for trajecto-246

ries that initially yield incorrect final answers, we247

utilize the method as specified in Section 3.4 to248

prompt the model to think again. This reflection249

procedure is iteratively performed for three cycles250

to enrich our dataset with reflective reasoning pat-251

terns.252

The detailed workflow for this iterative reflective253

data collection process is illustrated in the upper254

part of Figure 1. The statistical breakdown of the255

dataset after each filtering and reflection step is256

presented in Appendix B.257

3.3 Reinforcement Learning258

Following the SFT cold-start phase, we further op-259

timize the LLM using RL, guided by an outcome-260

based reward strategy. Specifically, we define the261

reward as follows:262

reward = I(rpredict = rtrue), (3)263

where I(·) is the indicator function. This reward264

structure assigns a reward of 1 when the model’s265

predicted preference aligns with the human ground-266

truth preference, and 0 otherwise.267

We explore several policy gradient algorithms268

during RL optimization, including Proximal Policy269

Optimization (PPO) (Schulman et al., 2017), Re-270

inforce++ (Hu, 2025), and Group Relative Policy271

Optimization (GRPO) (Shao et al., 2024). Addi-272

tionally, we employ a dual-clip PPO objective (Ye273

et al., 2020) to stabilize RL training. The objective274

function is given by:275

L
clip
t (θ) = −Êt

[
max

(
min

(
rt(θ)Ât,

clip
(
rt(θ), 1− ϵlow, 1 + ϵhigh

)
Ât

)
, cÂt

)]
,

(4)

276

where c > 1 is a constant indicating the lower277

bound, Ât is the advantage estimate at token t, and278

(ϵlow, ϵhigh) represent clipping thresholds, rt(θ) is279

policy ratio for token yt given context xt, and is 280

computed as: 281

rt(θ) =
πθ(yt|xt)
πθold(yt|xt)

= exp (log πθ(yt|xt)− log πθold(yt|xt)) ,
(5)

282

where πθ is the current policy parameterized by 283

θ, and πθold denotes the previous policy. We pro- 284

vide details of different RL algorithms and their 285

hyperparameters in Appendix E. 286

By default, we utilize the English DPO subset 287

from the RISE dataset (Yu et al., 2025a) in the RL 288

phase. We specifically employ the (q, a1, a2, rtrue) 289

tuples, excluding the generated CoT trajectories 290

provided by the original dataset. In Appendix F.3, 291

we further investigate the impact of employing 292

various data mixtures during the RL optimization 293

phase. 294

3.4 Simple Test-Time Scaling 295

During the inference stage, we leverage 296

STTS (Muennighoff et al., 2025) to further 297

enhance the model’s performance. More con- 298

cretely, current reasoning models typically enclose 299

their intermediate thinking processes within 300

special tokens, such as <think> and </think>, 301

generating the final response only after the closing 302

token (</think>). Benefiting from this structured 303

generation pattern, we can explicitly detect when 304

a model completes its initial reasoning phase. 305

Subsequently, instead of allowing the model to 306

finalize its answer immediately upon encountering 307

the </think> token, we replace this token with 308

an additional reflective prompt, such as “wait”, 309

thereby encouraging the model to engage in further 310

reflection before providing its ultimate decision. 311

Formally, the reflective extension at inference 312

time can be represented as follows: 313

rpredict = LLM(q, a1, a2, c,

{<think>, . . . , “wait”, . . . , </think>}),
(6)

314

The workflow of this process is illustrated on 315

the right-most panel of Figure 5. This simple yet 316

effective scaling approach has garnered attention 317

in recent literature due to its ease of implementa- 318

tion (Muennighoff et al., 2025; Yu et al., 2025b) 319

and computational efficiency compared to parallel 320

sampling approaches. 321
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Table 1: Performance comparison between J1-7B and baseline methods w/o STTS.

Model Training Data Quantity RewardBench RewardMath Anthropic Harmless CodePrefBench Overall

Results of LLM-as-a-Judge (Proprietary or Larger Models)

GPT-4o - 85.40 76.81 51.37 75.09 72.17
o1-mini - 88.56 95.70 45.76 76.13 76.54
Gemini-2.0-flash - 83.68 85.30 48.98 69.21 71.79
Deepseek-R1 - 82.83 98.21 53.31 79.49 78.46

Results of Scalar Reward Models (Open Source with Comparable Size)

Skywork-Reward-Llama3.1-8B 80k 93.37 72.33 59.44 59.89 71.26
FsfairX-LLaMA3-8B 849k 84.45 66.23 53.75 58.20 65.66

Results of LLM-as-a-Judge (Open Source with Comparable Size)

Llama3.1-8B-Instruct - 70.47 61.12 46.43 67.10 61.28
Qwen2.5-7B-Instruct - 78.50 69.70 49.56 67.59 66.34
Skywork-Critic-Llama3.1-8B 80k + Proprietary Data 88.86 66.51 58.61 60.57 68.64
RISE-Judge-Qwen2.5-7B 73k 87.42 81.69 56.35 59.22 71.17
JudgeLRM-7B 100k 78.01 72.65 42.28 53.59 61.63

Results of Our Models

J1-7B (SFT Only) 59k 85.01 82.40 53.88 49.20 67.62
J1-7B (SFT + RL / REINFORCE++) 59k 86.91 90.15 59.05 67.80 75.98
J1-7B (SFT + RL / PPO) 59k 87.10 91.40 59.20 69.60 76.83

4 Experiments322

In this section, we introduce the benchmark323

datasets in Section 4.1, followed by the descrip-324

tion of the baselines in Section 4.2. The subsequent325

sections aim to address the following research ques-326

tions:327

• RQ1: How does J1-7B perform compared to328

existing state-of-the-art models? (Section 4.3)329

• RQ2: How does J1-7B perform under STTS330

settings? (Section 4.4)331

• RQ3: Does the additional compute budget332

facilitate genuine semantic refinement and re-333

liable uncertainty estimation, or does it merely334

lead to verbose hallucinations? (Section 5)335

We provide additional experimental results to an-336

alyze the factors that influence the performance of337

J1-7B during STTS, including the composition of338

the cold-start dataset, the choice of RL algorithm,339

and the effect of different training stages in Ap-340

pendix F and a case study showcasing the reflective341

behaviors during STTS in Appendix H.342

4.1 Benchmark343

We evaluate J1-7B using four diverse preference344

datasets: Anthropic Harmless (Bai et al., 2022), Re-345

wardMath (Kim et al., 2024), CodePrefBench (Liu346

et al., 2024b) and RewardBench (Lambert et al.,347

2024). Collectively, these datasets comprehen-348

sively cover evaluation aspects including safety,349

mathematics, code, and open-domain queries. De- 350

tailed descriptions of these datasets can be found 351

in the Appendix C. 352

The primary metric used for evaluation across 353

these datasets is accuracy between rpredict and rtrue. 354

When performing STTS, we measure the relative 355

improvement. Given that baseline models differ in 356

their initial accuracy scores, we specifically focus 357

on the relative improvement with respect to the 358

remaining potential for improvement (i.e., the gap 359

to 100% accuracy), defined formally as: 360

∆ Relative% =
ACCSTTS − ACCINIT

1− ACCINIT
× 100%.

(7) 361

4.2 Baselines 362

We benchmark J1-7B against a diverse set of 363

powerful closed-source and open-source LLM- 364

as-a-Judge as well as scalar reward models. 365

Closed-source LLM-as-a-Judge include GPT- 366

4o, o1-mini (OpenAI, 2024), and Gemini-2.0- 367

flash (Google, 2024), while open-source LLM- 368

as-a-Judge encompass DeepSeek-R1 (Guo et al., 369

2025), LLaMA3.1-8B-Instruct (Grattafiori et al., 370

2024), Qwen2.5-7B-Instruct (Yang et al., 2024), 371

JudgeLRM (Chen et al., 2025), as well as pre- 372

vious state-of-the-art LLM-as-a-Judge Skywork- 373

Critic (Shiwen et al., 2024) and Rise-Judge (Yu 374

et al., 2025a). For the scalar reward models, we 375

compare with Skywork-Reward-Llama3.1-8B (Liu 376

et al., 2024a) and FsfairX-LLaMA3-8B (Xiong 377

et al., 2024). 378
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Table 2: Scaling trend for STTS on four different tasks.

∆ Relative% Skywork-Critic RISE-Judge J1-7B (Ours)
Llama3.1-8B Qwen2.5-7B SFT + REINFORCE++

Attempt 2

Anthropic Harmless -0.21 -0.55 +0.55
RewardBench -2.08 -16.89 -0.53
RewardMATH +0.34 -2.54 +12.80
CodePrefBench -1.20 -9.50 +1.15

Attempt 3

Anthropic Harmless +0.23 +0.70 +0.95
RewardBench -2.51 -12.52 +1.30
RewardMATH -0.51 +0.43 +12.90
CodePrefBench -1.06 -2.52 +1.16

Attempt 4

Anthropic Harmless +0.12 +0.43 +1.05
RewardBench -1.80 -12.11 +4.10
RewardMATH -0.75 +0.03 +13.29
CodePrefBench -0.30 -1.20 +0.88

Average -0.79 -4.67 +4.13

4.3 Overal Results379

The overall experimental results are summarized380

in Table 1. Our approach demonstrates superior381

performance compared to previously established382

open-source LLM-as-a-Judge . Although closed-383

source models such as o1-mini and Gemini-2.0-384

flash exhibit exceptional capabilities across various385

reasoning benchmarks, their discriminative perfor-386

mance on preference-based datasets is relatively387

weaker. This highlights a notable distribution shift388

and indicates substantial potential for improvement389

in preference discrimination tasks. Furthermore,390

while existing state-of-the-art open-source models391

perform competitively on the RewardBench dataset,392

our model consistently surpasses them across other393

benchmarks, including mathematics and coding394

scenarios, culminating in superior overall perfor-395

mance. Additionally, we investigate the perfor-396

mance of J1-7B under two conditions: SFT alone397

and with subsequent RL. The results underscore398

the importance of integrating an RL training stage399

to enhance overall performance significantly.400

4.4 J1-7B Demonstrate Superior STTS401

Scaling Trend.402

Furthermore, we evaluate the effectiveness of403

STTS across the same tasks, comparing J1-7B ’s404

performance with that of previous models. By de-405

fault, we use “Attempt 1” to denote the original re-406

sponse without additional reflection, and “Attempt407

2-4” to denote that we append reflective tokens 2-4408

times.409

As summarized in Table 2, J1-7B demonstrates410

a significant and consistent scaling trend, achieving411

an average relative improvement of +4.13% across412

all benchmarks. Notably, J1-7B realizes substan- 413

tial gains in reasoning-intensive tasks, such as a 414

+13.29% relative improvement on RewardMATH 415

at Attempt 4. 416

In stark contrast, existing state-of-the-art judges 417

such as Skywork-Critic and RISE-Judge exhibit lim- 418

ited or negative scaling behavior, with average rela- 419

tive declines of -0.79% and -4.67%, respectively. 420

This disparity suggests that simply increasing in- 421

ference tokens in standard judges often results in 422

verbose hallucinations or semantic drift rather than 423

qualitative refinement. Beyond the primary scaling 424

results, we provide extensive supplementary analy- 425

ses in the Appendix F to further dissect the drivers 426

of STTS performance. 427

5 Information-Theoretic Analysis of 428

Reasoning Dynamics 429

The empirical success of test-time scaling in evalu- 430

ative tasks raises fundamental questions regarding 431

the nature of the generated reasoning process. It 432

remains unclear whether the increased computa- 433

tional expenditure merely produces verbose halluci- 434

nations or facilitates a genuine refinement of seman- 435

tic information. In this section, we deconstruct the 436

mechanism of J1-7B from an information-theoretic 437

perspective. We analyze the semantic alignment 438

with ground truth reasoning, the dynamics of en- 439

tropy during generation, and the implications of 440

these factors for risk-controlled deployment. 441

5.1 Semantic Alignment via Kernel-Based 442

InfoAlign 443

A primary concern when extending inference 444

length is semantic drift, where the model gradu- 445

ally deviates from the optimal reasoning trajectory. 446

To quantify the semantic fidelity of generated ratio- 447

nales, we adopt the metric proposed in Yong et al. 448

(2025), but reverse its sign so that higher values in- 449

dicate stronger alignment. We refer to the resulting 450

metric as Semantic InfoAlign, which measures the 451

statistical dependence between the model’s reason- 452

ing topology and that of an oracle. 453

Formally, let Zmodel denote the set of embed- 454

ding vectors derived from the model’s generated 455

reasoning paths, and Zoracle represent the corre- 456

sponding paths from a superior oracle model. We 457

project these representations into a Reproducing 458

Kernel Hilbert Space (RKHS) H endowed with a 459

characteristic kernel k(·, ·). We define Semantic 460

InfoAlign using the Hilbert-Schmidt Independence 461
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Figure 3: Entropy dynamics between two models.

Criterion (HSIC), where a higher value signifies462

stronger semantic dependence and alignment with463

the oracle. The empirical estimator is given by:464

InfoAlign(Zmodel,Zoracle) =
1

(m−1)2
Tr(KHLH),

(8)465

where K and L are the kernel matrices associ-466

ated with Zmodel and Zoracle respectively, and H467

serves as the centering matrix.468

Figure 2 presents the distribution of InfoAlign469

scores relative to token consumption. We observe a470

distinct divergence in behavior between J1-7B and471

the baseline. The baseline model exhibits a nega-472

tive correlation between attempt times, sequence473

length and InfoAlign, indicating that longer genera-474

tions in standard models tend to suffer from seman-475

tic degradation and deviate from optimal reasoning.476

In contrast, J1-7B demonstrates a positive corre-477

lation where increased token count corresponds to478

higher InfoAlign scores. This finding suggests that479

J1-7B effectively utilizes additional test-time com-480

putation to anchor its reasoning within the seman-481

tic vicinity of the ground truth, thereby converting482

length into semantic precision rather than noise. 483

5.2 Entropy Dynamics and Active Reasoning 484

We further investigate the uncertainty dynamics 485

inherent in the generation process to distinguish 486

between confident hallucinations and active rea- 487

soning. A prevalent pathology in aligned models 488

is mode collapse (Cui et al., 2025), characterized 489

by a premature reduction in entropy that does not 490

correspond to correctness. 491

As illustrated in Figure 3, the baseline model 492

displays a rapid decay in entropy throughout the 493

generation steps. However, this reduction in uncer- 494

tainty coincides with a decrease in the probability 495

assigned to the correct token, a phenomenon indica- 496

tive of the model becoming confidently incorrect. 497

Conversely, J1-7B maintains higher entropy levels 498

during the intermediate and late stages of reason- 499

ing. We posit that this sustained entropy reflects an 500

epistemic exploration process wherein the model 501

actively considers diverse reasoning paths before 502

converging. This preservation of diversity prevents 503

the model from collapsing into local optima and 504
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Figure 4: Comparison of reliability diagrams (left two panels) and risk-controlled selective prediction (right two
panels).

enables the recovery of valid reasoning trajectories,505

distinguishing valid reliability from the artificial506

certainty observed in the baseline.507

5.3 Calibration and Validity of508

Risk-Controlled Guarantees509

The deployment of LLM-as-a-judge in high-stakes510

scenarios necessitates rigorous reliability assur-511

ances where the system must refrain from mak-512

ing judgments when uncertain. To address this,513

we adopt the framework from Jung et al. (2024),514

which employs a risk-controlled selective predic-515

tion mechanism to ensure that the human agree-516

ment rate meets a user-specified target.517

The effectiveness of such risk control algorithms518

is fundamentally constrained by the calibration519

quality of the model. A poorly calibrated model520

that exhibits overconfidence will assign high proba-521

bilities to incorrect predictions, thereby misleading522

the threshold search algorithm. As evidenced in523

Figure 4a, the baseline model suffers from severe524

miscalibration with an Expected Calibration Error525

(ECE) of 0.191, indicating a tendency towards un-526

warranted confidence. In contrast, J1-7B achieves527

a significantly superior ECE of 0.046 (Figure 4b).528

This result suggests that the STTS mechanism ef-529

fectively regularizes the model’s probability esti-530

mates, aligning its internal confidence with the em-531

pirical likelihood of correctness.532

Building upon this superior calibration, we vali-533

date the feasibility of provable guarantees on J1-7B534

. We utilize Fixed Sequence Testing to calibrate535

a confidence threshold λ̂ on a held-out calibration536

set. The objective is to satisfy the condition where537

the true risk R(λ̂) remains below a target error rate538

α with high probability 1− δ:539

P (R(λ̂) ≤ α) ≥ 1− δ. (9)540

By computing the Clopper–Pearson upper bound541

for the binomial distribution, the algorithm identi-542

fies a safe threshold that provably bounds the dis- 543

agreement rate. For detailed implementation and 544

the theoretical proof, please refer to Appendix G. 545

Figure 4d presents the validation of this guaran- 546

tee. The empirical human agreement of J1-7B 547

(solid blue line) consistently exceeds the target 548

agreement level (dashed black line) across the en- 549

tire spectrum of risk tolerances, while the baseline 550

model fails to meet the target agreement at all. The 551

fact that the empirical curve resides strictly within 552

the safe region demonstrates that the risk control 553

algorithm successfully identifies valid thresholds 554

for J1-7B . This confirms that J1-7B ’s reason- 555

ing dynamics not only improve semantic quality 556

but also yield trustworthy uncertainty signals, ren- 557

dering the model amenable to rigorous statistical 558

safety guarantees. 559

6 Conclusion 560

In this paper, we investigate the effectiveness of 561

Simple Test-Time Scaling (STTS) for enhancing 562

the evaluative capabilities and reliability of LLM- 563

as-a-Judge systems. We introduce J1-7B, a novel 564

judge model trained via a two-stage paradigm that 565

integrates reflection-enhanced SFT with RLVR. 566

Our results demonstrate that J1-7B surpasses state- 567

of-the-art baselines. Crucially, we identify that 568

effective scaling behavior emerges primarily dur- 569

ing the RL phase. Through a comprehensive 570

information-theoretic analysis, we confirm that J1- 571

7B successfully converts extended reasoning into 572

genuine semantic refinement and superior calibra- 573

tion, distinguishing valid reliability from the mode 574

collapse observed in baseline models. These prop- 575

erties render our model amenable to rigorous risk- 576

controlled selective prediction with theoretically 577

bounded error guarantees, providing a robust and 578

interpretable framework for scalable AI oversight. 579
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7 Limitations580

Despite the promising performance of J1-7B , sev-581

eral limitations remain. First, our experiments were582

primarily conducted on a 7B parameter backbone583

due to computational resource constraints. While584

this scale is efficient for benchmarking, the emer-585

gent reflective capabilities and scaling behaviors586

under STTS might differ in larger models. Future587

research is needed to determine if larger architec-588

tures further amplify these benefits or require dis-589

tinct optimization strategies to avoid over-training.590

Second, while J1-7B enhances the interpretabil-591

ity of automated evaluation, its application as a592

reward signal within the full RLHF policy-training593

loop has not yet been validated at scale. As a spe-594

cialized reward model, it may still be susceptible595

to reward hacking, where policy models exploit596

specific reasoning artifacts without achieving gen-597

uine alignment. Although the explicit reasoning598

traces in our model facilitate better human over-599

sight to detect such failures, empirical evidence on600

how these traces actively mitigate reward hacking601

during online RL is still an open challenge in the602

literature, and we plan to investigate it in our future603

work.604
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A Comparision between Parallel950

Decoding and STTS951

In this section, we present empirical evidence that952

STTS generates outputs with greater diversity com-953

pared to parallel decoding. We randomly select954

100 instances from four benchmarks and visualize955

the results in Figure 6.956

The “Original” and “Parallel Decoding” out-957

puts represent two distinct responses generated958

with a temperature parameter of 0.8, while the959

“STTS” outputs were obtained after four append-960

wait iterations based on “Original”. We employ the961

all-MiniLM-L6-v2 model (Wang et al., 2020) for962

embedding generation and use PCA (Maćkiewicz963

and Ratajczak, 1993) for dimensionality reduction964

to plot the distribution trajectories.965

Figure 6 clearly demonstrates that while the966

Original and Parallel Decoding outputs exhibit sim-967

ilar distribution patterns, STTS outputs show signif-968

icantly greater diversity in their spatial distribution.969

Combined with Figure 5, our quantitative and qual-970

itative analyses confirm that STTS exhibits greater971

diversity compared to parallel decoding, demon-972

strating stronger potential to yield superior solu-973

tions through iterative refinement. Moreover, paral-974

lel decoding incurs significant token consumption,975

whereas STTS is notably more sample-efficient.976

Motivated by these findings, we primarily focus on977

exploring STTS for LLM-as-a-Judge throughout978

this paper.979

B Training Dataset Statistics980

Below is a brief introduction to each training981

dataset.982

• HelpSteer2 (Wang et al., 2024b) is an open-983

source dataset designed to train reward models984

for improved helpfulness. It helps align mod-985

els to be more accurate and coherent while986

allowing adjustments in response complexity987

and verbosity.988

• Magpie (Xu et al., 2024b) is a large scale syn-989

thesized instruction dataset. During synthesis,990

rather than relying on prompt engineering or991

seed questions, instruction data is generated992

from open-weight LLMs by directly using a993

pre-query template.994

• OffsetBias (Park et al., 2024) is a dataset of995

paired preferences designed to mitigate typ-996

ical biases found within judge models. This997

dataset is constructed by GPT-4 and Claude-3, 998

and incorporates prompting techniques like 999

the Off-topic response approach and the Erro- 1000

neous response approach. 1001

• WildGuard (Han et al., 2024) is a meticulously 1002

balanced multitask moderation dataset in 13 1003

risk categories. Data are selected from four 1004

sources (i.e., synthetic vanilla/adversarial, in- 1005

the-wild, and annotator-written data) to ensure 1006

completeness. 1007

B.1 Statistics During Rejection Sampling 1008

Table 3 illustrates our data construction procedure 1009

using DeepSeek-R1 via rejection sampling. Each 1010

cell’s left value indicates the number of correctly 1011

answered samples, while the right value represents 1012

the total samples at the current phase. A notable 1013

observation is that the model initially achieves an 1014

overall accuracy of approximately 70%. However, 1015

when employing STTS in subsequent attempts, 1016

only around 4% of previously incorrect responses 1017

are corrected. Moreover, this conversion rate fur- 1018

ther diminishes with additional attempts, suggest- 1019

ing that while STTS provides benefits, the model 1020

predominantly maintains its initial decisions. 1021

B.2 Other Statistics of Curated Dataset 1022

Length Distribution We present statistical analy- 1023

ses of sequence lengths for the constructed training 1024

data in Figure 7, detailing the distributions across 1025

different datasets. We further partition the data 1026

into two categories based on whether the model 1027

correctly or incorrectly answered each instance. 1028

Notably, sequences in the incorrect category consis- 1029

tently exhibit greater lengths compared to those in 1030

the correct category. This observation suggests that 1031

the model may engage in redundant or ineffective 1032

reasoning, employing additional tokens without 1033

successfully arriving at the correct final answer. 1034

Reflective Words Frequency We further exam- 1035

ine the distribution of instances according to the 1036

number of reflective words employed in reasoning, 1037

again partitioning the data into correct and incorrect 1038

categories. The results are shown in Figure 8. Our 1039

findings reveal two primary observations: (1) irre- 1040

spective of correctness, the majority of instances 1041

involve no reflective words; (2) incorrect instances 1042

demonstrate a higher likelihood of employing a 1043

greater number of reflective words compared to cor- 1044

rect instances. These results suggest that moderate 1045

reflection is beneficial; a limited use of reflective 1046

13



Figure 5: Comparison of Bradley-Terry model and LLM-as-a-Judge under different scaling strategies.

(a) Anthropic Harmless (b) CodePrefBench

(c) RewardBench (d) RewardMATH

Figure 6: Distribution patterns between STTS and Parallel Decoding.
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Table 3: Statistics of curating process.

Dataset Original Number Attempt 1 Attempt 2 Attempt 3 Attempt 4

HelpSteer2 6766 3366/6766 99/3400 59/3301 36/3242

OffsetBias 8504 7327/8504 85/1177 44/1092 25/1048

WildGuard 6709 5828/6709 110/881 29/771 19/742

Magpie 54582 36846/54582 599/17736 260/17137 194/16877
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Figure 7: Length distribution of the curated dataset.
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words aids the model’s reasoning, whereas the ab-1047

sence or excessive use of reflection may negatively1048

impact overall performance.1049

Table 4: Reflective words we take into account.

Reflective Words
Wait, Alternatively, But, However, Hold on,

On the other hand, On the contrary, In contrast

Word Cloud The word cloud in Figure 9 visu-1050

ally summarizes the prominent vocabulary present1051

in our training dataset. It clearly illustrates the1052

relative prevalence of various terms, particularly1053

those corresponding to different evaluation criteria1054

(‘ethical concern’, ‘concise’, ‘engaging answer’,1055

etc.). This visualization supports the conclusion1056

that our dataset effectively captures the intended1057

phenomenon—that LLM-as-a-Judge , during rea-1058

soning processes, indeed utilize explicit criteria1059

when formulating their conclusions.1060

C Evaluation Benchmark Details1061

All evaluation benchmarks consist of binary classi-1062

fication tasks. Following previous works, we use1063

accuracy as the evaluation metric. Below is a brief1064

overview of each evaluation benchmark.1065

• RewardBench (Lambert et al., 2024) is a col-1066

lection of sets consisting of a prompt, a chosen1067

response, and a rejected response across cat-1068

egories like chat, reasoning, and safety. The1069

dataset is designed to evaluate the effective-1070

ness of reward models when dealing with1071

complex, organized, and out-of-distribution1072

queries.1073

• RewardMath (Kim et al., 2024) is a bench-1074

mark crafted to evaluate the strength of re-1075

ward models in tackling mathematical reason-1076

ing problems. It has a 1:9 ratio of chosen to1077

rejected solutions. Note that in our paper, we1078

calculate an instance-wise score rather than1079

a problem-wise score, as solely considering1080

whether the reward of the chosen solution is1081

the highest can be overly strict.1082

• Anthropic Harmless (Bai et al., 2022) is a1083

benchmark used for evaluating models’ harm-1084

lessness. During the data collection process,1085

human annotators are encouraged to provoke1086

LLMs into generating harmful responses and1087

to identify which response is more harmful.1088

• CodePrefBench (Liu et al., 2024b) is a com- 1089

prehensive benchmark for assessing developer 1090

preferences. The examples in the benchmark 1091

are labeled based on three verifiable criteria: 1092

correctness, efficiency, and security. Addition- 1093

ally, it includes overall preferences of devel- 1094

opers as collected from 18 annotators. 1095

D Implementation Details 1096

Our initial policy model is based on Qwen2.5-7B- 1097

Base. In the SFT stage, we utilize a learning rate of 1098

2× 10−5, train for 3 epochs, set the maximum se- 1099

quence length to 8192 tokens, and employ a batch 1100

size of 256. For the RL stage, we adopt a learning 1101

rate of 5 × 10−7, conduct training for 15 epochs, 1102

use a batch size of 256, and set the number of 1103

rollout samples to 8. The default RL algorithm em- 1104

ployed in our primary experiments is Reinforce++. 1105

All experiments are conducted on a NVIDIA H800 1106

cluster. Additional experimental details, includ- 1107

ing the hyperparameters for PPO and GRPO al- 1108

gorithms, can be found in the Appendix E. For 1109

the experiments in Section 5, we use J1-7B (SFT 1110

+ RL / REINFORCE++) and compare the results 1111

with Qwen2.5-7B-Instruct on CodePrefBench by 1112

default. The oracle reasoning traces are generated 1113

from GPT-4o. 1114

E Other Training Details 1115

In our experiments, we employ three RL algo- 1116

rithms: PPO, Reinforce++ and GRPO. Both PPO 1117

and Reinforce++ share the same general objective 1118

formulation, differing primarily in how they com- 1119

pute the advantage estimate. 1120

Specifically, ÂPPO
t is computed using the 1121

Generalized Advantage Estimation (GAE) 1122

method (Schulman et al., 2015): 1123

δt = rt + γVt+1 − Vt, (10) 1124

ÂPPO
t =

T∑
l=0

(γλ)lδt+l. (11) 1125

For Reinforce++, we adopt the same objective 1126

function structure as PPO. However, the advantage 1127

estimate ÂRF++
t is defined differently as follows: 1128

ÂRF++
t = r(x, y)− β

T∑
i=t

DKL (πθ ∥ πref) ,

(12)

1129

ÂRF++
normalized =

ÂRF++
t − µÂ

σÂ
, (13) 1130
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Figure 8: Reflective words frequency of the curated dataset.

Figure 9: Word cloud of the curated dataset.

where µÂ and σÂ represent the mean and stan-1131

dard deviation of advantages within each batch1132

respectively and DKL (πθ ∥ πref) is a token-level1133

Kullback-Leibler divergence penalty between the1134

RL model and the SFT model distributions.1135

In contrast, GRPO employs a slightly modified1136

objective, where the KL divergence term is explic-1137

itly separated from the advantage estimate:1138

LGRPO
t (θ) = −Êt

[
max

(
min

(
rt(θ)Ât,

clip
(
rt(θ), 1− ϵlow, 1 + ϵhigh

)
Ât

)
,

cÂt

)
− βDKL

(
πθ ∥ πref

)]
.

(14) 1139

where GRPO’s advantage estimation Ât is com- 1140

puted via group-relative normalization of rewards 1141

that has the similar form as Equation 13. 1142

Our default hyperparameter settings for RL train- 1143

ing are as follows: 1144

• Clipping lower bound parameter: c = 3.0 1145

• PPO clip parameters: ϵhigh = 0.2, ϵlow = 0.2 1146

• KL coefficient: β = 0.001 1147

• Learning rate schedule: constant 1148

• Weight decay: 0.01 1149

• Rollout temperature: 1.0 1150

• GAE parameters (Equation 11): discount fac- 1151

tor λ = 0.99, balance factor γ = 0.9 1152

• Critic network learning rate: 1× 10−5 1153
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F More Experimental Results1154

In this section, we present additional experimen-1155

tal results, including analyses conducted on ex-1156

tended datasets under the experimental settings de-1157

scribed in Sections F.2 and F.4. Our findings consis-1158

tently support previous observations. As depicted1159

in Figure 12, checkpoints trained with different1160

RL algorithms initially achieve comparable perfor-1161

mance. However, the GRPO-trained models, due1162

to inherently longer reasoning sequences, demon-1163

strate slightly diminished effectiveness when ap-1164

plying STTS. Further, the progression of STTS1165

effectiveness on additional datasets, illustrated in1166

Figures 16b, 17b and 18b, confirms our hypoth-1167

esis: models gradually acquire the capability to1168

effectively utilize STTS during the RL process.1169

F.1 Cold Start on Reasoning-Intensive Data1170

Improve STTS1171

A natural question is whether incorporating1172

datasets requiring strong reasoning abilities—such1173

as mathematical and coding tasks—during cold-1174

start training could further enhance the STTS capa-1175

bility in downstream tasks. In this section, we ex-1176

plore the effectiveness of using reasoning-intensive1177

data, distinct from the general judgment data, dur-1178

ing cold-start training.1179

Specifically, we employ publicly available1180

datasets OpenR1-Math (HuggingFace, 2025) and1181

CodeForces CoTs (Penedo et al., 2025) and in-1182

corporate them alongside LLM-as-a-Judge data1183

during the cold-start training phase. Experimen-1184

tal results, as presented in Figure 10, demonstrate1185

that introducing mathematical and coding data not1186

only benefits the corresponding tasks but also trans-1187

fers effectively to safety and open-ended scenarios.1188

Moreover, incorporating these data in cold start1189

stage not only enhances the performance of the ini-1190

tial checkpoint but also boosts the effectiveness of1191

the subsequent STTS.1192

F.2 Different RL Algorithms Might Elicit1193

Different STTS behavior1194

In this section, we investigate whether different RL1195

algorithms result in varying effectiveness of STTS.1196

Specifically, we take the checkpoints from Sec-1197

tion F.1 that incorporate reasoning-intensive data in1198

cold start stage as a start point and utilize different1199

RL algorithms during RL training. As illustrated1200

in Figure 11, different RL algorithms, namely Re-1201

inforce++, PPO, and GRPO, achieve comparable1202

scores at the trained checkpoints (scores shown 1203

next to the legend). However, we further observe 1204

that in most scenarios, the STTS performance trend 1205

for GRPO is inferior; specifically, increasing the 1206

number of reflective tokens does not yield im- 1207

proved results; instead, it leads to degraded results. 1208

Upon analyzing the number of generated tokens, 1209

we find that models optimized using GRPO tend 1210

to produce significantly more tokens. Moreover, 1211

with increasing STTS, the rate of growth in to- 1212

ken generation for GRPO models accelerates faster 1213

compared to other algorithms. We attribute this 1214

STTS failure to a decreased model inference ca- 1215

pability resulting from excessively long contexts. 1216

Additional analyses provided in the Appendix F.6 1217

demonstrate that, even without test-time interven- 1218

tion, models trained with GRPO already exhibit 1219

greater usage of reflective tokens. Consequently, 1220

the incremental benefit from further application of 1221

STTS is markedly diminished. 1222

F.3 Different Data Mixture During RL Elicit 1223

Different STTS behavior 1224

In this section, we investigate the impact of dif- 1225

ferent data mixtures on STTS during the RL post- 1226

training phase. Specifically, we consider four dis- 1227

tinct data mixtures: (1) Mixture 1: the original 1228

mixture used in our primary experiments; (2) Mix- 1229

ture 2: the original mixture enhanced with ad- 1230

ditional safety and code-related datasets (PKU- 1231

SafeRLHF (Ji et al., 2024) and CodeUltraFeed- 1232

back (Weyssow et al., 2024)); (3) Mixture 3: a fur- 1233

ther extension on (2) incorporating instances that 1234

consistently remained incorrect after three STTS 1235

attempts during the SFT data construction phase; 1236

and (4) Mixture 4: the full RISE dataset, which 1237

includes additional Chinese-language samples. 1238

In this experiment, we employ Reinforce++ and 1239

utilize the checkpoint obtained from the mathemat- 1240

ics/code cold-start scenario outlined in Section F.1. 1241

Our key observation is that variations in data mix- 1242

ture introduce greater variance in outcomes com- 1243

pared to the choice of different RL algorithms ap- 1244

plied to identical datasets. Additionally, different 1245

data mixtures result in notable differences in both 1246

initial performance and subsequent STTS effective- 1247

ness. Notably, we find that incorporating instances 1248

that persistently fail under multiple STTS attempts 1249

leads to a deterioration in both final checkpoint 1250

performance and subsequent STTS effectiveness, 1251

despite the increased volume of training data. We 1252

hypothesize that this occurs because RL improve- 1253
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Figure 10: Cold start on reasoning-intensive data improves STTS.
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Figure 11: Scaling trend for STTS on Anthropic Harmless and CodePrefBench with different RL algorithms.

ments depend significantly on successful explo-1254

ration; persistently incorrect samples likely repre-1255

sent overly challenging instances for the model,1256

thus constraining its learning progress. Future re-1257

search could beneficially explore strategies for opti-1258

mally balancing sample difficulty to enhance model1259

training effectiveness.1260

F.4 LLM Learns STTS as RL Steps Increase1261

In this section, we delve deeper into the origins of1262

the STTS capability. We hypothesize that models1263

are more likely to acquire reflection skills during1264

the exploration phase of RL. Prior studies primarily1265

emphasize that reflective abilities are intrinsically1266

acquired during pre-training (Shah et al., 2025).1267

Distinct from this intrinsic perspective, our hypoth-1268

esis suggests that RL could stimulate STTS through 1269

enforced reflection. To empirically validate this, we 1270

evaluate multiple checkpoints from different stages 1271

of the RL training phase. Figure 15c first illustrates 1272

that the initial performance of these checkpoints 1273

improves over the course of training. Subsequently, 1274

using the same experimental settings as in previous 1275

STTS experiments, we measure the effectiveness of 1276

STTS across checkpoints, as depicted in Figure 15a. 1277

To quantify the trend of improvement with respect 1278

to STTS attempts, we perform linear regression on 1279

the results and compute the corresponding r-values, 1280

where higher r-values indicate a more pronounced 1281

upward trend. Figure 15b clearly demonstrates 1282

an increasing pattern in r-values throughout the 1283

RL training process. These findings collectively 1284
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Figure 12: Scaling trend for STTS on RewardBench and RewardMATH with different RL algorithms.
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Figure 13: Data mixture ablation on Anthropic Harmless and CodePrefBench.
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Figure 14: Data mixture ablation on RewardBench and RewardMATH.

suggest that the capability of enforced reflection1285

via STTS likely emerges progressively during rein-1286

forcement learning. We anticipate that this insight1287

will inspire future investigations and developments1288

within the community.1289

F.5 Decision Change During STTS1290

We visualize how the decision-making of our1291

model evolves with each additional "wait" step1292

across four benchmark tasks. Because the propor-1293

tion of responses altered after adding each "wait"1294

token is relatively small (approximately 3%, as1295

detailed in Appendix B.1), we apply logarithmic1296

scaling to clearly illustrate these changes in the1297

Sankey diagrams. As depicted in Figure 19, we1298

observe a notable pattern: each incremental "wait"1299

step results in some responses shifting from incor-1300

rect to correct, while simultaneously causing other1301

responses to shift from correct to incorrect. The net1302

performance improvement arises because the pro-1303

portion of responses transitioning from incorrect1304

to correct outweighs those moving in the oppo-1305

site direction. This indicates that even originally1306

correct responses are vulnerable to becoming incor-1307

rect upon further reflection. Additionally, another1308

source of error emerges when the model fails to1309

produce parseable outputs after additional reflec- 1310

tion steps. We suggest that future work aimed at 1311

enhancing the effectiveness of STTS should specifi- 1312

cally address these instances where initially correct 1313

responses become incorrect after reflection. 1314

F.6 Reflective Words Frequency on Test Sets 1315

Following the experimental setup described in Sec- 1316

tion B.2, we analyzed the proportion of instances 1317

within the test set that employ varying numbers of 1318

reflective words, categorizing results according to 1319

the RL algorithms used during training. Our key 1320

findings are as follows: 1321

1. Models trained with GRPO exhibit a stronger 1322

tendency to utilize more reflective words, 1323

which aligns with our earlier observation in 1324

Section F.2, indicating that GRPO-trained 1325

models generally produce longer reasoning 1326

sequences. 1327

2. Interestingly, we observed that models trained 1328

solely through SFT are not incapable of reflec- 1329

tion; rather, to our surprise, these SFT-only 1330

models actually tend to employ reflective to- 1331

kens more frequently. Aggregating data from 1332

Table 20 reveals that, on average, only about 1333
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Figure 15: Scaling behaviour of different checkpoints on Anthropic Harmless.
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Figure 16: Scaling behaviour of different checkpoints on CodePrefBench.
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Figure 17: Scaling behaviour of different checkpoints on RewardBench.
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Figure 18: Scaling behaviour of different checkpoints on RewardMATH.

68% of instances generated by SFT models1334

use 0 to 4 reflective tokens, indicating the re-1335

maining 32% use significantly more reflective1336

tokens. This proportion substantially exceeds1337

that of RL-trained models. However, as ev-1338

idenced by Table 2, increased use of reflec-1339

tive words does not always correlate with im-1340

proved performance. On the contrary, it tends1341

to degrade results, suggesting that the addi-1342

tional reflection is often ineffective in standard1343

judges. Further case studies in Appendix H1344

reveal that excessive use of reflective tokens 1345

frequently leads the model into infinite rea- 1346

soning loops, whereas RL-trained models suc- 1347

cessfully learn to use reflective tokens in a 1348

more effective and controlled manner. 1349

F.7 Model Performance Across Different 1350

Reflective Counts 1351

We analyze the model’s accuracy across scenar- 1352

ios with varying reflective token counts, visual- 1353

ized in Figure 21. Higher accuracy corresponds 1354

22



to lighter shades on the left side of the heatmap,1355

indicating that the model generally achieves better1356

performance when it uses no reflective tokens or1357

only a few. Conversely, darker shades toward the1358

right side of the heatmap reflect lower accuracy for1359

instances involving greater use of reflective tokens.1360

This observation is both intuitive and insightful; it1361

suggests that problems solvable without extensive1362

reflection naturally yield higher accuracy, whereas1363

instances prompting the model to engage in more1364

extensive reflection are inherently more challeng-1365

ing or ambiguous. The model’s spontaneous incli-1366

nation toward greater reflection in these difficult1367

instances highlights its inherent capability and sig-1368

nificant potential for addressing complex reasoning1369

tasks.1370

G Theoretical Analysis1371

In this section, we provide theoretical grounding1372

for our empirical findings in Section 5, specifically1373

analyzing the relationship between model calibra-1374

tion and risk-controlled selective prediction (Sec-1375

tion 5.3), and the information-theoretic justification1376

for STTS scaling (Section 5.2).1377

G.1 Calibration and Selective Prediction1378

Efficiency1379

We formally analyze why J1-7B ’s superior cal-1380

ibration leads to more effective selective predic-1381

tion compared to overconfident baselines. Let1382

f(x) ∈ [0, 1] be the model’s confidence score for1383

input x, and y ∈ {0, 1} be the ground truth correct-1384

ness (1 for correct). A selective prediction strat-1385

egy accepts an answer only if f(x) > τ . The1386

selective risk (error rate) at threshold τ is defined1387

as R(τ) = E[1 − y | f(x) > τ ]. Our goal in1388

risk control is to find the minimum τ such that1389

R(τ) ≤ α for a user-defined risk tolerance α (e.g.,1390

1 − Target Agreement). The coverage at this risk1391

level is C(α) = P (f(x) > τ).1392

Theorem 1 (Infeasibility of Meeting Target Agree-1393

ment under Overconfidence). Let h(c) = E[y |1394

f(x) = c] be the true accuracy at confidence1395

c. Assume a baseline model is overconfident, i.e.,1396

h(c) ≪ c for c ∈ (τ, 1], and satisfies a High-1397

Confidence Error Lower Bound: 1 − h(c) ≥1398

ϵmin > α for all c. Then, there exists no thresh-1399

old τ < 1 such that the selective risk R(τ) ≤ α.1400

Consequently, to satisfy the safety constraint, the1401

coverage approaches zero (C(α) → 0).1402

Proof. The selective risk can be expressed as the1403

expected true error rate over the selected region: 1404

R(τ) =

∫ 1
τ (1− h(c))p(c)dc∫ 1

τ p(c)dc
(15) 1405

where p(c) is the density of confidence scores. For 1406

the overconfident baseline, we are given that the 1407

actual error rate 1− h(c) ≥ ϵmin for all high con- 1408

fidence scores. Substituting this into the risk equa- 1409

tion: 1410

R(τ) ≥
∫ 1
τ ϵminp(c)dc∫ 1

τ p(c)dc
= ϵmin (16) 1411

If the intrinsic error rate of high-confidence sam- 1412

ples ϵmin exceeds the target risk tolerance α (e.g., 1413

due to hallucinations masked as high confidence), 1414

then R(τ) ≥ ϵmin > α for any τ < 1. Thus, the 1415

condition R(τ) ≤ α cannot be met regardless of 1416

threshold tuning, unless the set of selected samples 1417

is empty. 1418

Implication for J1-7B: In contrast, J1-7B ex- 1419

hibits low Expected Calibration Error (ECE), im- 1420

plying h(c) ≈ c. Thus, R(τ) ≈ E[1 − c | c > τ ]. 1421

Since 1− c is monotonically decreasing, there ex- 1422

ists a valid τ to satisfy arbitrary α, ensuring high 1423

coverage while meeting the target agreement. This 1424

theoretically explains the results in Figure 4. 1425

G.2 Information Saturation in Test-Time 1426

Scaling 1427

We further provide an information-theoretic view 1428

on why baselines suffer from diminishing returns 1429

(mode collapse) under STTS, whereas J1-7B sus- 1430

tains performance gains. 1431

Proposition 1 (Info-Computation Saturation). Let 1432

Zt be the latent reasoning state at step t. The scal- 1433

ing effectiveness is bounded by the mutual informa- 1434

tion between the reasoning trace and the ground 1435

truth Y , denoted as I(Y ;Zt). If a model exhibits 1436

Mode Collapse such that the entropy of the reason- 1437

ing distribution H(Zt) → 0 as t → ∞, then the 1438

marginal information gain vanishes: 1439

lim
t→∞

∆It = I(Y ;Zt)− I(Y ;Zt−1) = 0 (17) 1440

Proof. By basic information theory inequalities, 1441

I(Y ;Zt) ≤ H(Zt). Existing judges trained purely 1442

on SFT tend to collapse to a deterministic gen- 1443

eration pattern (repetition or single-mode hallu- 1444

cination) as sequence length increases, causing 1445

H(Zt) → 0. Consequently, I(Y ;Zt) is forced 1446
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to 0, implying no new information about the cor-1447

rectness of the answer is extracted from additional1448

compute. However, J1-7B maintains a non-trivial1449

policy entropy (exploration), ensuring H(Zt) > δ.1450

This prevents the information bottleneck, allow-1451

ing extended reasoning to continuously refine the1452

semantic alignment with Y , as formulated in our1453

InfoAlign analysis.1454

G.3 Provable Guarantees for Fixed-Sequence1455

Threshold Selection1456

To ensure completeness, we formally describe the1457

implementation of the fixed-sequence threshold se-1458

lection procedure used in Section 5.3. Our imple-1459

mentation follows the fixed-sequence testing frame-1460

work of Jung et al. (2024); theoretical guarantees1461

and detailed proofs can be found therein.1462

Let {τ1 > τ2 > · · · > τK} be a fixed, de-1463

scending sequence of candidate confidence thresh-1464

olds. For each τk, define the selective risk R(τk)1465

as in Section G.1. Given a calibration set Dcal =1466

{(xi, yi)}ni=1, define the empirical selective risk1467

R̂(τk) :=
1

N(τk)

n∑
i=1

I
[
yi = 0 ∧ f(xi) ≥ τk

]
,

N(τk) :=

n∑
i=1

I
[
f(xi) ≥ τk

]
.

(18)1468

Conditioned on N(τk), the quantity N(τk)R̂(τk)1469

follows a binomial distribution:1470

N(τk)R̂(τk) ∼ Bin
(
N(τk), R(τk)

)
. (19)1471

We compute an exact (1− δ) upper confidence1472

bound on R(τk) via the Clopper–Pearson interval:1473

R̂+(τk) := sup
{
R ∈ [0, 1] :

P
(
Bin

(
N(τk), r

)
≤ N(τk)R̂(τk)

)
≥ δ

}
.

(20)1474

The fixed-sequence testing rule selects the1475

threshold1476

τ̂ := min
{
τk : R̂+(τj) ≤ α ∀j ≤ k

}
. (21)1477

H Case Study1478

In this section, we present case studies to provide1479

users with deeper insights into the model’s behavior.1480

Specifically, we categorize these case studies into1481

several distinct groups:1482

• Initial Wrong → Correct after Reflection 1483

(Appendix H.1) 1484

• Initial Correct → Wrong after Reflection 1485

(Appendix H.2) 1486

• Consistently Correct (Appendix H.3) 1487

• Consistently Wrong (Appendix H.4) 1488

Detailed examples for each category are pro- 1489

vided in the respective appendices. 1490

H.1 Initial Wrong –> Correct after reflection 1491

In this section, we illustrate how our model uti- 1492

lizes reflection to reconsider initially incorrect an- 1493

swers and subsequently arrive at correct conclu- 1494

sions. Specifically, in Figure 22, J1-7B initially 1495

judges both answers as incorrect and mistakenly 1496

identifies an irrelevant detail within Answer B’s 1497

reasoning as erroneous. This reveals a tendency for 1498

the model’s initial responses to be overly critical 1499

or overly focused on minor details. However, after 1500

one step of STTS, the model correctly recognizes 1501

that Answer B’s computation is accurate, leading 1502

to a revised judgment in favor of Answer B. 1503

In contrast, Figure 23 demonstrates a scenario 1504

where, despite ultimately selecting the correct an- 1505

swer, the model exhibits a notable phenomenon 1506

known as unfaithful reasoning (Arcuschin et al., 1507

2025). During its CoT reasoning, the model ini- 1508

tially maintains that Answer B’s refusal to respond 1509

is safer, whereas Answer A might introduce poten- 1510

tial risks. Surprisingly, at the final decision-making 1511

step, the model abruptly shifts, concluding that 1512

Answer A is preferable when considering overall 1513

criteria. Although this decision appears as implicit 1514

post-hoc rationalization, we argue that by moni- 1515

toring the reasoning process and applying STTS 1516

to reveal extended thought processes, the model 1517

gradually acknowledges that Answer A, despite po- 1518

tential pitfalls, offers valid solutions compared to 1519

Answer B’s outright refusal. Thus, the final shift 1520

in judgment gains interpretability and rationale. It 1521

should also be noted that this instance of unfaith- 1522

ful reasoning represents an uncommon occurrence 1523

selected deliberately from numerous cases. 1524

H.2 Initial Correct –> Wrong after reflection 1525

In this section, we present case studies illustrating 1526

how erroneous reflections by the model can cause 1527

initially correct answers to become incorrect. Fig- 1528

ures 24 and 25 highlight instances where the main 1529

24
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Figure 19: Decision change during STTS.
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(d) RewardMATH

Figure 20: Reflective words frequency on four benchmark.
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Figure 21: Performance conditioned on differenct reflective counts.
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Figure 22: Case study 1 for Initial Wrong → Correct after reflection.
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Figure 23: Case study 2 for Initial Wrong → Correct after reflection.
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reason for incorrect judgments post-reflection is a1530

shift in evaluation criteria. For example, the model1531

changes its focus from prioritizing creativity to1532

emphasizing conciseness, or from valuing informa-1533

tiveness to transparency. We argue that these errors1534

are not due to deficiencies in the model’s reason-1535

ing capability, but rather stem from ambiguity and1536

inconsistency in evaluation criteria. Future work1537

can target clarifying and stabilizing these criteria to1538

further enhance the potential of LLM-as-a-Judge1539

frameworks.1540

H.3 Consistently Correct1541

In this section, we showcase cases where the model1542

consistently provides correct answers. We observe1543

that reflection significantly strengthens the model’s1544

confidence, indicating a high level of certainty and1545

robustness in these instances. Please refer to Fig-1546

ures 26 and 27.1547

H.4 Consistently Wrong1548

Additionally, we examine cases where the model1549

initially provides incorrect answers and remains1550

incorrect even after reflection. In Figure 28, we1551

observe that the model incorrectly favors a concise1552

response (Answer B) over a more detailed yet ac-1553

curate response (Answer A). Despite the reflection1554

process, the model persists in its misjudgment due1555

to an overly simplistic interpretation of evaluation1556

criteria, emphasizing brevity at the expense of com-1557

prehensive correctness. This indicates a limitation1558

in the current reflection strategy, suggesting the ne-1559

cessity for enhanced guidance in evaluation criteria1560

to prevent superficial or overly rigid assessments,1561

as is also mentioned in Appendix H.2.1562

I Prompt Template1563

Figure 29 shows the prompt template that we use1564

for the evaluation. By default, we use it for all the1565

models we evaluate in this paper. It is derived from1566

RewardBench (Lambert et al., 2024).1567
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Figure 24: Case study 1 for Initial Correct → Wrong after reflection.
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Figure 25: Case study 2 for Initial Correct → Wrong after reflection.
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Figure 26: Case study 1 for Consistently Correct.
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Figure 27: Case study 2 for Consistently Correct.

33



Figure 28: Case study 1 for Consistently Wrong.
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Figure 29: Prompt template used for evaluation.
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