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Abstract001

Large language models (LLMs) are increas-002
ingly adopted as scalable judges for open-003
ended generation, yet how they form judg-004
ments remains insufficiently understood. Mean-005
while, modern LLMs frequently produce an-006
swers accompanied by explicit reasoning, mak-007
ing reasoning chains a natural but understudied008
source of information for model-based evalu-009
ation. This work takes a first step toward un-010
derstanding how exposing reasoning influences011
LLM-based judgment. Empirical results across012
factual question-answering (QA) and mathe-013
matical datasets show that the presence of rea-014
soning substantially alters judgment behavior,015
with clear differences across judge capabilities.016
Weaker judges become more likely to accept017
incorrect answers when reasoning is present,018
suggesting over-reliance on persuasive explana-019
tions. In contrast, stronger judges exhibit more020
selective behavior and, in some cases, achieve021
higher judgment accuracy by leveraging rea-022
soning content. Further analysis reveals that023
both reasoning fluency and factuality critically024
shape judgment outcomes. Together, these find-025
ings suggest that examining how models in-026
terpret reasoning is essential for understand-027
ing and improving LLM-based evaluation, with028
broader implications for the design of reliable029
automatic judges and evaluation protocols.030

1 Introduction031

Reliable evaluation is fundamental to understand-032

ing the capabilities of AI models and guiding033

their future development. Without an accurate034

assessment, identifying model strengths and lim-035

itations becomes challenging. For open-ended036

generation tasks, human evaluation is widely re-037

garded as the gold standard, as it can flexibly as-038

sess semantic correctness, factuality, and overall039

response quality. However, human judgment is040

costly, time-consuming (Brown et al., 2020; Mañas041

et al., 2024), and difficult to scale (Chiang and Lee,042

2023), which limits its use in large-scale experi- 043

ments and rapid model iteration. With the rapid 044

advancement of large language models (LLMs), 045

recent studies (Zheng et al., 2023; Liu et al., 2023; 046

Verga et al., 2024; Huang et al., 2024; Pavlovic and 047

Poesio, 2024; Tan et al., 2025) show that LLMs can 048

deliver reference-free evaluations that closely align 049

with human judgments, motivating their growing 050

adoption as scalable surrogates for human evalua- 051

tion in open-ended settings. 052

Despite their growing adoption, LLM-based 053

judges remain imperfect. Prior studies (Chen and 054

Goldfarb-Tarrant, 2025; Marioriyad et al., 2025) 055

have shown that LLM judgments can be sensitive 056

to surface-level features, such as answer length, 057

fluency, or phrasing, and may struggle to reliably 058

distinguish correct answers from plausible but in- 059

correct ones. One possible reason is that the judge 060

lacks sufficient information to accurately judge the 061

correctness of the response. Consequently, without 062

access to additional evidence, the model may over- 063

rely on superficial aspects of the answer rather than 064

its factual accuracy. 065

Meanwhile, modern LLMs increasingly gener- 066

ate answers through explicit reasoning processes. 067

This raises a fundamental and previously underex- 068

plored question: Does exposing reasoning chains 069

influence how LLM-based judges assess answer 070

correctness? Inspired by human decision-making, 071

we further ask whether models differ in how they 072

use such reasoning. Humans with limited expertise 073

may be persuaded by fluent but incorrect explana- 074

tions, whereas experts can leverage reasoning as 075

evidence to scrutinize correctness. We hypothe- 076

size that weaker LLM judges may over-trust the 077

presence of reasoning, while strong judges may be 078

better positioned to interpret reasoning as informa- 079

tive evidence rather than persuasive signals. 080

To investigate these questions, we conduct a sys- 081

tematic study of LLM-based judgment under two 082

evaluation conditions: answer-only and answer- 083
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with-reasoning. We use the Qwen3 series (8B, 14B,084

32B) and DeepSeek-v3.1 to generate natural rea-085

soning chains and final answers. Experiments are086

conducted on two factual QA datasets (NQ and087

HotpotQA) and one reasoning-intensive mathemat-088

ical dataset (GSM8K). As judges, we consider a di-089

verse set of open-source models—Qwen3 (8B, 14B,090

32B), Llama3 (8B, 70B), and GLM4 (32B)—as091

well as strong closed-source models including GPT-092

4o, Claude Sonnet 4.5, and DeepSeek-v3.1. We093

classify three black-box models as strong models,094

with the remaining models considered weak by095

their QA performance.096

Our results show that the presence of reason-097

ing alone substantially alters judgment behavior.098

Across all datasets, weak judges are significantly099

more likely to label answers as correct when rea-100

soning is provided, even when the answers are in-101

correct. In contrast, strong judges exhibit more102

selective behavior. Specifically, the proportion of103

answers judged as correct decreases on factual QA104

datasets (NQ and HotpotQA), while judgment ac-105

curacy improves on both NQ and GSM8K. These106

findings suggest that strong judges are not simply107

persuaded by reasoning fluency, but can, in some108

cases, leverage reasoning content to evaluate cor-109

rectness more effectively.110

Crucially, the effects above are observed un-111

der naturally generated reasoning. To disentangle112

how judges respond to different aspects of reason-113

ing quality, we conduct a controlled analysis in114

which we explicitly manipulate fluency and factual-115

ity. Specifically, on NQ, we introduce incoherence116

into otherwise valid reasoning chains by injecting117

question-irrelevant factual content and counterfac-118

tual statements. When the fluency of a coherent119

reasoning chain is disrupted, nearly all judges be-120

come more likely to label the answer as incorrect.121

This tendency is further amplified as counterfac-122

tual content is added. These results indicate that123

both reasoning fluency and factuality are critical124

signals for LLM-based judgment, and that models125

differ substantially in how reliably they interpret126

and integrate these cues.127

Overall, our study suggests that investigating128

how models interpret reasoning chains is crucial129

for understanding and improving LLM-based eval-130

uation, potentially by enabling models to utilize131

information within reasoning chains more effec-132

tively. Taken together, these findings have broader133

implications for the development of more reliable134

automatic judges and evaluation protocols.135

2 Related Works 136

2.1 LLM-as-a-Judge 137

The rapid advancement of Large Language Models 138

(LLMs) has expanded their utility beyond tradi- 139

tional text generation tasks to the domain of auto- 140

mated evaluation. Driven by training paradigms 141

such as Reinforcement Learning from Human Feed- 142

back(Ouyang et al., 2022), modern LLMs have 143

achieved a high degree of alignment with human 144

values. This capability has facilitated the emer- 145

gence of the "LLM-as-a-Judge" paradigm (Gao 146

et al., 2025; Chang et al., 2024), where LLM acts 147

as an evaluator to assess the quality or correct- 148

ness of model outputs based on specific criteria 149

and reasoning chains. Compared to human eval- 150

uation, this approach offers a scalable, adaptable, 151

and cost-effective solution for evaluating diverse 152

tasks. Consequently, LLM-based evaluation has 153

been widely adopted in recent years as a reliable 154

surrogate for human judgment, particularly in com- 155

plex open-ended generation scenarios. 156

2.2 Reasoning Chains 157

Recent advancements enable LLMs to generate 158

intermediate steps, commonly termed reasoning 159

chains, prior to producing a final answer. A promi- 160

nent approach in this domain is Chain-of-Thought 161

(CoT) prompting(Wei et al., 2022), which elicits 162

reasoning in natural language and has proven effec- 163

tive in enhancing performance across complex rea- 164

soning tasks. Beyond performance improvements, 165

reasoning chains have been shown to provide trans- 166

parent signals of a model’s decision-making pro- 167

cess. Prior study (Zhang et al., 2025) suggests that 168

such chains encode information indicative of model 169

reliability. However, their role in LLM-as-a-Judge 170

settings remains underexplored. In this work, we 171

investigate how reasoning chains influence judging 172

behaviors when LLMs are used as evaluators and 173

provide a systematic experimental analysis. 174

3 Experimental setup 175

3.1 Models 176

We select 7 open-source models and 3 represen- 177

tative proprietary models across various scales to 178

serve as generators and judges. For task generation, 179

we utilize Qwen3 (8B, 14B and 32B; Yang et al., 180

2025) and DeepSeek-v3.1 (DeepSeek-AI et al., 181

2025) to generate responses with reasoning chains. 182

For the judge role, we select open-source models 183
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w/o Think

w/ Think

Prompt: Judge whether the following answer about the question is correct. [optional: The content inside <think></think> represents the reasoning 

process of the model, while the content after </think> is the answer provided by the model.]

Question: Who is the girl in green day 21 guns?

Model Response: Amanda Kessel Ground Truth: Lisa Stelly

Reasoning Chain: Okay, so the user is asking about the girl in Green 

Day's \"21 Guns\" music video. Let me recall what I know about 

that.\n\n First, I remember that \"21 Guns\" is a song by Green Day 

from their album \"American Idiot.\" (...) Maybe a fan who was part of 

the video shoot?\n\n I believe her name is Amanda Kessel. She was a 

fan who had a connection with the band. (...) Let me make sure. Yes, 

Amanda Kessel was a fan who was involved in the video. She was also 

the girlfriend of a friend of the band member, I think. (...) The user 

probably wants the name of the girl in the video, so the answer is 

Amanda Kessel.

Weak Models Strong Models

w/o Think

w/ Think

Question: When did Toyota first come to the united states?

Model Response: 1958 Ground Truth: 1957

Reasoning Chain: Okay, the user is asking when Toyota first came to 

the United States. Let me think about this.\n\nI remember that Toyota 

started exporting cars to the US in the 1950s. But I need to be precise. 

(...) Yes, the first Toyota car sold in the US was the Toyopet Corona 

in 1958. (...) Hmm. Maybe the answer is 1958. But I need to make 

sure. \n\nAnother angle: Toyota established its first dealership in the 

US in 1958. So that's when they started selling cars. Therefore, the 

answer is 1958. But some sources might mention 1957 for the initial 

import. However, the commonly accepted answer is 1958. Let me go 

with that.

Weak Models Strong Models

Misleading Susceptibility Effective Utilization

Figure 1: Findings on how reasoning chains affect LLM-based judgment. The figure presents two NQ cases
evaluated under settings where the reasoning chain is visible to judge models (w/ Think) or invisible (w/o Think).

such as Qwen3 series, Llama-3.1 (8B and 70B;184

AI@Meta, 2024), GLM-4-32B (Zhipu AI, 2025),185

GLM-4-Z1-32B (Zhipu AI, 2025), and closed-186

source models including GPT-4o (Aaron Hurst187

and others, 2024), Claude Sonnet 4.5 (Anthropic,188

2025), and DeepSeek-v3.1. Moreover, to ensure189

consistent answer validation across judges, we use190

Qwen2.5-72B-Instruct (Qwen et al., 2025) as a uni-191

fied verifier to assess answer correctness.192

3.2 Datasets193

We evaluate our approach on three diverse datasets194

spanning diverse reasoning scenarios: 1) NQ195

(Kwiatkowski et al., 2019), which consists of196

single-hop factual queries grounded in real-world197

information; 2) HotpotQA (Yang et al., 2018), a198

structured question-answering dataset designed to199

test multi-hop reasoning across multiple supporting200

facts; 3) GSM8K (Cobbe et al., 2021), a collec-201

tion of grade-school-level mathematical problems202

that require explicit multi-step numerical reason-203

ing. To manage the computational costs associated204

with large-scale proprietary models, we randomly205

choose 500 samples from each dataset.206

3.3 Implementation Details207

Pipeline. We conduct all experiments using uni-208

fied inference parameters with a temperature of209

0.6. To study the effect of reasoning chains, we210

ask the generator to answer the question and pro- 211

duce an explicit reasoning chain. Then, we conduct 212

LLM-based judgment under two evaluation condi- 213

tions. In the answer-only setting, the model bases 214

its judgment solely on the question and the final 215

answer, while in the answer-with-reasoning setting, 216

the reasoning chain serves as an additional input 217

to the judge model. To ensure consistency, we use 218

Qwen2.5-72B-Instruct to compare the generator’s 219

answers against the ground truth and determine 220

their actual correctness. 221

Prompts. We employ generalized zero-shot 222

prompts with strict output constraints. We prompt 223

the generator to generate an output for the given 224

question, including the reasoning chain and a fi- 225

nal answer. To evaluate the response, we restrict 226

the judge LLMs to a binary verdict, outputting 227

certain when the answer is considered correct 228

and uncertain otherwise. For more details on 229

prompt design, please refer to Appendix A. 230

3.4 Evaluation Metrics 231

We utilize Accuracy, defined as the proportion of 232

generated responses that match the ground-truth 233

labels, to assess the capability of the generator. We 234

employ four evaluation metrics to measure the per- 235

formance of the judge models. (1) Alignment: the 236

proportion of cases where the judge’s verdict aligns 237

with the ground-truth correctness of the answer. 238
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(2) Pass Rate: the proportion of cases where the239

judge predicts certain, considering the answer240

is correct. (3) Overconfidence: the proportion of241

incorrect answers that are incorrectly judged as242

certain. (4) Conservativeness: the proportion of243

correct answers that are judged as uncertain.244

4 Results and Analysis245

4.1 General Results246

Table 1 presents the evaluation results when using247

Qwen3-8B as a generator, assessing diverse judge248

models across multiple datasets. Results with other249

generators (e.g., DeepSeek-v3.1) are provided in250

the Appendix B due to space limits. We observe251

that the impact of exposing reasoning chains to252

judge models varies systematically depending on253

model capability.254

Observation 1

Weak models tend to be misled by reasoning
chains, resulting in inflated pass rates that
reflect an over-reliance on the plausibility of
the reasoning.

255

For weak models such as Qwen3-8B, the ex-256

posure of reasoning chains causes alignment de-257

crease in most cases, indicating reduced judge ac-258

curacy. Meanwhile, pass rate rises significantly,259

which suggests that these models tend to trust the260

reasoning chains and exhibit a bias towards pre-261

dicting certain. On factual datasets such as NQ,262

Qwen3-8B’s alignment drops sharply from 58.2%263

to 33.2% when providing reasoning chains, while264

pass rate increases from 57.8% to 88.0%. The rise265

in overconfidence, together with the decrease in266

conservativeness, indicates that the higher pass rate267

is largely driven by a stronger tendency to judge as268

correct.269

A similar misleading phenomenon is also ob-270

served on the mathematical dataset, where weak271

judges continue to exhibit an increased pass rate272

after the exposure of reasoning chains. Since273

GSM8K is a relatively simple dataset, on which274

the generator already achieves high performance275

(94% accuracy), pass rate levels are generally high276

even before seeing the reasoning chains. When277

reasoning chains are provided, the pass rate of278

weak judges further increases to near the upper279

bound. For example, Qwen3-14B’s pass rate rises280

from 71.4% to 99.2%. indicating that the model281

almost entirely trusts the presented reasoning. This282

suggests that weak judges are substantially more 283

susceptible to the misleading effect induced by rea- 284

soning chains. 285

We also observe that weak judges outperform 286

strong judges on GSM8K when reasoning chains 287

are visible. We argue that this result should not be 288

attributed to superior capability in weak models, 289

but rather to the generator’s exceptional accuracy 290

on this dataset, which makes certain the statisti- 291

cally dominant correct label. As illustrated in Ta- 292

ble 1, weak models generally exhibit greater over- 293

confidence compared to strong models, indicating 294

that they remain more prone to accepting plausible 295

but incorrect answers. Thus, the elevated alignment 296

does not imply successful error detection; rather, 297

it reflects the weak models’ continued reliance on 298

the reasoning chains. Given the superior quality of 299

the generator’s output, this blind trust inadvertently 300

yields a higher alignment. 301

We hypothesize that natural reasoning chains 302

can mislead weak judges because they may remain 303

internally coherent even when built upon an early 304

error. For example, in Figure 1 for the question 305

"Who is the girl in Green Day’s 21 Guns," the 306

generator’s reasoning departs at the outset by incor- 307

rectly associating 21 Guns with "American Idiot" 308

rather than "21st Century Breakdown", which is 309

the correct answer. Despite this incorrect premise, 310

the subsequent reasoning forms a locally consistent 311

and plausible narrative. Consequently, weak judges 312

may rely on this apparent coherence and accept the 313

final answer, even though the reasoning is rooted 314

in an incorrect initial assumption. 315

Observation 2

Strong models exhibit robustness against
misleading reasoning chains and, in some
cases, effectively leverage the provided rea-
soning chains to enhance their judgment.

316

In contrast to weak models, strong models of- 317

ten exhibit a decrease in pass rates after seeing the 318

reasoning chain, and this reduction is sometimes 319

accompanied by an improvement in alignment. For 320

example, On NQ, DeepSeek-v3.1’s alignment in- 321

creases from 63.4% to 76.2%, while its pass rate 322

decreases from 55.8% to 35.4%, indicating that 323

the model becomes more selective rather than in- 324

discriminately judge the answer as correct. Mean- 325

while, its overconfidence declines from 34.6% to 326

18.0%, suggesting that exposure to the reasoning 327
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Table 1: Evaluation results(%) of LLM-as-a-Judge behavior with and without reasoning chains across factual and
mathematical datasets, with all answers generated by Qwen3-8B.

Dataset Acc Judge Models Alignment Pass Rate Overconfidence Conservativeness

w/o Think w/ Think w/o Think w/ Think w/o Think w/ Think w/o Think w/ Think

NQ 23.2

Qwen3-8B 58.2 33.2 57.8 88.0 38.2 65.8 3.6 1.0
Qwen3-14B 58.0 36.4 58.0 84.0 38.4 62.2 3.6 1.4
Qwen3-32B 41.4 36.8 79.4 83.6 57.4 61.8 1.2 1.4
Llama3-8B 38.6 28.4 79.8 93.2 59.0 70.8 2.4 0.8
Llama3-70B 54.0 41.4 66.4 79.0 44.6 57.2 1.4 1.4
GLM4-32B 52.0 35.8 69.6 87.0 47.2 64.0 0.8 0.2
GLM4-Z1-32B 79.4 52.8 32.2 63.6 14.8 43.8 5.8 3.4

GPT-4o 74.0 74.0 44.0 41.2 23.4 22.0 2.6 4.0
DeepSeek-v3.1 63.4 76.2 55.8 35.4 34.6 18.0 2.0 5.8
Claude Sonnet 4.5 75.8 84.0 43.0 18.8 22.0 5.8 2.2 10.2

HotpotQA 26.6

Qwen3-8B 59.2 44.6 53.4 78.0 33.8 53.4 7.0 2.0
Qwen3-14B 64.0 47.2 51.4 76.6 30.4 51.4 5.6 1.4
Qwen3-32B 51.6 47.6 72.6 76.6 47.2 51.2 1.2 1.2
Llama3-8B 47.2 40.0 73.0 85.0 49.6 59.2 3.2 0.8
Llama3-70B 58.2 48.4 62.0 73.8 38.6 49.4 3.2 2.2
GLM4-32B 58.4 42.2 65.0 83.6 40.0 57.4 1.6 0.4
GLM4-Z1-32B 78.0 59.0 13.8 48.8 4.6 31.6 17.4 9.4

GPT-4o 78.8 78.4 36.6 28.2 15.6 11.6 5.6 10.0
DeepSeek-v3.1 78.6 76.8 28.0 13.4 11.4 5.0 10.0 18.2
Claude Sonnet 4.5 84.6 76.6 30.0 6.4 9.4 1.6 6.0 21.8

GSM8K 94.0

Qwen3-8B 75.2 94.6 74.0 99.0 2.4 5.2 22.4 0.2
Qwen3-14B 72.6 94.0 71.4 99.2 2.4 5.6 25.0 0.4
Qwen3-32B 89.2 94.0 91.6 99.2 4.2 5.6 6.6 0.4
Llama3-8B 89.0 94.6 93.0 99.0 5.0 5.2 6.0 0.2
Llama3-70B 83.4 93.8 86.2 98.6 4.4 5.4 12.2 0.8
GLM4-32B 87.6 95.0 91.6 99.0 5.0 5.0 7.4 0.0
GLM4-Z1-32B 44.0 83.8 42.8 86.2 2.4 4.2 53.6 12.0

GPT-4o 91.0 92.4 92.6 94.4 3.8 4.0 5.2 3.6
DeepSeek-v3.1 93.2 94.4 96.8 98.4 4.8 5.4 2.0 0.4
Claude Sonnet 4.5 66.0 70.0 63.6 68.4 1.8 2.2 32.2 27.8

chains enables the model to rectify its initial mis-328

conceptions, successfully identifying errors it had329

previously overlooked.330

However, strong models do not consistently331

leverage reasoning information effectively. On Hot-332

potQA, GPT-4o’s pass rate decreases from 36.6%333

to 28.2%, and overconfidence drops from 15.6%334

to 11.6%, suggesting successful identification of335

some errors. However, its alignment remains vir-336

tually unchanged, while the conservativeness rises337

from 5.6% to 10.0%, which implies that the model338

begins to incorrectly reject originally correct an-339

swers. This tendency towards excessive skepticism340

is also observed in the NQ dataset.341

These findings indicate that simply providing a342

reasoning chain together with a simple evaluation343

prompt does not reliably improve judgment perfor-344

mance across all settings. While strong models are345

more robust to misleading reasoning than weaker346

ones, they still exhibit limited error-correction abil-347

ity and may adopt overly conservative judgment348

strategies, which can in turn reduce effective de-349

cision quality. This suggests that the potential of350

reasoning chains in strong models is not automatic351

and depends on how such reasoning is elicited and352

utilized. As a result, a more fine-grained analysis 353

of the reasoning process represents a promising 354

direction for improving LLM-based judgment. 355

Observation 3

Self-judging shows pass rate trends similar
to those in the generate-and-judge setting.

356

To isolate the effect of reasoning chains from 357

the judging procedure itself, we introduce a self- 358

judging setting in which the generator evaluates its 359

own output immediately after generation. Since 360

the model has access to the full reasoning chain, 361

this setting corresponds to the w/ Think condition. 362

As shown in Table 2, self-judging exhibits pass 363

rate patterns similar to those observed when the 364

same model serves as an external judge, and sig- 365

nificantly different from settings where reasoning 366

chains are invisible. These results indicate that mis- 367

leading effects arise from the presence of reasoning 368

chains alone, independent of whether judgment is 369

performed by a separate model. 370

We also note that the distinction between strong 371

and weak models is relative and context-dependent. 372

Open-source models, categorized as weak in our 373
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study, may still possess substantial capabilities. A374

general trend in our findings is that as model capa-375

bility increases, the model becomes more robust to376

being misled by flawed reasoning. This pattern is377

exemplified in Table 2 when Qwen3-32B serves as378

the judge for responses generated by Qwen3-8B. In379

this scenario, exposure to reasoning chains causes380

the pass rate to decrease from 77.3% to 65.1%,381

while alignment improves from 54.9% to 62.3%. It382

suggests that Qwen3-32B, with its larger parameter383

scale, functions as a relatively strong evaluator in384

this comparison, capable of critically scrutinizing385

the reasoning chains to mitigate overconfidence.386

4.2 What Drives the Increase of Pass Rates in387

Weak Judges?388

The results in the previous section demonstrate that389

exposing reasoning chains substantially increases390

the pass rates of weak models. To investigate the391

source of this increase, we conduct a fine-grained392

analysis of judgment transitions before and after393

the reasoning chain is introduced. Specifically, we394

focus on cases where the generated answer is incor-395

rect, yet the judge shifts its verdict from uncertain396

to certain upon seeing the reasoning. By contrast-397

ing the prevalence of this transition between weak398

and strong models, we aim to determine whether399

the elevated pass rate of weak models stems from400

the misleading influence of reasoning chains.401

Our analysis reveals that the higher pass rate of402

weak models primarily arises from cases where in-403

correct answers are incorrectly accepted as correct404

once reasoning chains are provided. In contrast,405

such misclassification is substantially less frequent406

in strong models, indicating that weak judges are407

significantly more susceptible to being misled by408

the reasoning chains.409

Given that the pass rate is defined as the pro-410

portion of samples labeled certain, any increase411

is driven solely by certain verdicts. As illus-412

trated in Figure 2, for weak judges (exemplified by413

Qwen3-8B), the pass rate is predominantly driven414

by cases where the answer is incorrect yet the judg-415

ment shifts from uncertain to certain upon ex-416

posure to the reasoning chain. This misleading ef-417

fect accounts for 34.0% of all samples, surpassing418

both consistently correct judgments (19.6%) and419

cases judged as certain without reasoning chains420

(31.4%). This distribution confirms that the surge421

in pass rate stems from weak models being misled422

by reasoning chains, causing them to erroneously423

classify incorrect answers as correct.424
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Figure 2: Distribution of judge decisions under different
answer correctness and reasoning visibility. Each block
shows the percentage of samples falling into a specific
judgment transition across datasets and judge models.
w/ Think and w/o Think indicate whether the reasoning
chain is provided. ✓ indicates a certain verdict and ×
indicates uncertain, while RIGHT and WRONG refer
to correct and incorrect generator answers.

In contrast, for strong models such as Claude 425

Sonnet 4.5, misleading reasoning accounts for only 426

a small fraction of cases (0.6%). A substantially 427

larger portion of samples corresponds to the correct 428

rejection of incorrect answers (54.2%), compared 429

to only 4.6% for Qwen3-8B. This difference con- 430

tributes directly to the higher alignment observed in 431

strong models and reflects their reduced sensitivity 432

to misleading reasoning chains. Rather than accept- 433

ing reasoning based on surface plausibility, strong 434

judges tend to make judgments on whether the rea- 435

soning provides useful evidence. This behavior is 436

reflected in two key observations: many incorrect 437

answers are rejected irrespective of whether rea- 438

soning is shown (54.2%), and a significant fraction 439

(16.2%) shift from an initial certain verdict to 440

uncertain after the reasoning is examined, indi- 441

cating a genuine ability to identify flaws or incon- 442

sistencies within the chains themselves. 443

On GSM8K, the proportion of misleading cases 444

for weak models is 3.0%, which remains higher 445

than the 0.6% observed for strong models. For 446

weak judges, 22.2% of samples change from an 447

initially incorrect judgment to a correct one after 448

the reasoning chain is provided. Since Qwen3- 449

8B achieves relatively high accuracy on GSM8K, 450

these changes of judgment contribute to the ob- 451

served increase in alignment. A similar pattern 452

is also observed for strong models, where such 453

changes occur in 19.0% of the samples. At the 454

same time, strong judges exhibit a mild tendency 455

toward skepticism. After inspecting the reasoning, 456

approximately 14.0% of originally correct answers 457

are judged as incorrect. This behavior is likely as- 458
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Table 2: Results of self-judging experiments on the NQ dataset. Underlined values indicate the self-judging setting
and the corresponding generate-and-judge setting with the same model.

Generator Acc Judge Model Alignment Pass Rate Overconfidence Conservativeness

w/o Think w/ Think w/o Think w/ Think w/o Think w/ Think w/o Think w/ Think

Qwen3-8B 36.6

selfjudge – 63.2 – 61.4 – 30.8 – 6.0
Qwen3-8B 63.4 63.3 53.7 61.7 26.9 30.9 9.7 5.8
Qwen3-14B 67.3 63.7 53.3 62.6 24.7 31.2 8.0 5.1
Qwen3-32B 54.9 62.3 77.3 65.1 42.9 33.1 2.2 4.6

Qwen3-14B 41.4

selfjudge – 59.8 – 71.5 – 35.1 – 5.0
Qwen3-8B 64.3 61.2 55.0 69.6 24.6 33.5 11.1 5.4
Qwen3-14B 64.6 61.3 60.2 70.9 27.1 34.1 8.3 4.6
Qwen3-32B 54.4 59.1 81.9 74.3 43.0 36.8 2.6 4.0

Qwen3-32B 45.9

selfjudge – 60.1 – 79.5 – 36.8 – 3.1
Qwen3-8B 62.3 58.2 57.3 82.8 24.6 39.3 13.2 2.4
Qwen3-14B 65.5 58.4 59.9 83.2 24.3 39.5 10.2 2.1
Qwen3-32B 55.4 57.9 85.1 83.9 41.9 40.1 2.7 2.1

sociated with imperfections in the reasoning chains,459

such as skipped steps or intermediate calculations460

that lack adequate justification, which can nega-461

tively affect the judgments of strong models.462

4.3 How Do Synthesized Reasoning Chains463

Affect LLM-based Judging ?464

In the previous experiments, we primarily exam-465

ined how natural reasoning chains affect judge be-466

havior. While this setting reflects practical usage,467

it captures the effect of reasoning visibility only468

at an overall level and does not reveal which as-469

pects of the reasoning actually influence judgment.470

Although prior results indicate that models can be471

influenced by the presence of reasoning, intention-472

ally constructing reasoning that appears plausible473

yet leads to incorrect judgments is challenging be-474

cause it is unclear how judges interpret and use475

information provided by the reasoning chains dur-476

ing evaluation. In human decision-making, we can477

easily distinguish several irrelevant or incorrect478

statements prior to evaluation that do not affect479

the final answer. This raises a natural question:480

Do LLMs possess a similar ability to discern and481

handle such information? To explore this, we con-482

duct a set of fine-grained controlled experiments to483

examine how external injections within reasoning484

chains influence judge behaviors. In particular, we485

focus on two dimensions: fluency and factuality.486

To manipulate fluency, we insert fixed-length,487

question-irrelevant common-sense statements (e.g.,488

The Earth orbits the Sun once every 365 days) into489

the reasoning chain, placing them at both the begin-490

ning and the end. To examine factuality, we modify491

these statements into counterfactual variants (e.g.,492

Original
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Figure 3: Judge pass rates (%) under factual injections
into reasoning chains on the NQ dataset, with answers
generated by Qwen3-8B.

changing "365 days" to "100 days"). This design al- 493

lows us to test whether factual inaccuracies, despite 494

being irrelevant to the target question, influence the 495

model’s judgment behavior. 496

4.3.1 Effects of Fluency 497

Figure 3 analyzes how increasing levels of factual 498

injection in reasoning chains affect judge pass rates. 499

Regardless of model capability, the injection of fac- 500

tual content leads to a significant decline in pass 501

rates. This indicates that the inserted information 502

compromises the fluency of the reasoning process 503

and disrupts its overall structural integrity, thereby 504

negatively influencing the judge’s decision. For 505

weak models, except Llama3-8B, exposure to irrel- 506

evant factual statements in the Basic-All setting re- 507

duces pass rates to near the w/o Think baseline, sug- 508

gesting that inserting irrelevant content disrupts the 509

semantic coherence of the reasoning chain, thereby 510

weakening the misleading influence that reasoning 511

chains typically have on weak models. We attribute 512

the persistently high pass rate of Llama3-8B to its 513
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Table 3: Judge pass rates (%) on the NQ dataset under synthesized prefix and suffix injections.

Generator Acc Judge Models Original Basic-All Wrong-Few Wrong-All

w/o Think w/ Think Prefix Suffix Prefix Suffix Prefix Suffix

Qwen3-8B 44.8

Qwen3-8B 63.0 91.0 61.0 86.0 58.8 82.2 47.6 76.2
Qwen3-14B 62.8 87.4 58.0 81.6 55.0 76.6 53.2 67.8
Qwen3-32B 79.4 85.0 74.8 88.8 73.2 87.8 71.6 81.8
Llama3-8B 74.8 97.2 92.8 95.4 95.0 96.4 95.2 95.6
GPT-4o 50.6 48.6 18.4 39.2 13.4 35.8 23.4 36.2
DeepSeek-v3.1 45.2 24.4 1.0 1.8 1.0 1.8 0.0 10.0

limited capability and a tendency toward defaulting514

to certain judgments. Furthermore, the decline is515

especially evident in strong models. For example,516

DeepSeek-v3.1 drops to a near-zero pass rate, indi-517

cating a state of total rejection. This suggests that518

information preceding the reasoning chains acts as519

substantial interference for strong models.520

4.3.2 Effects of Factuality521

For most models, with injection length controlled,522

pass rates consistently decline as the proportion of523

counterfactual content increases. For weak mod-524

els like Qwen3-8B and Qwen3-14B, pass rates de-525

crease monotonically with augmented factual injec-526

tion. On the NQ test, Qwen3-8B’s rate falls from527

91.0% with original reasoning chains to 61.0% af-528

ter adding common-sense prefixes, further decreas-529

ing to 47.6% when all inserted facts are incorrect.530

This trend signifies that counterfactual content sub-531

stantially interferes with models’ judgments. This532

effect is more evident in strong models. For exam-533

ple, DeepSeek-v3.1 shows a substantial reduction534

in pass rate, approaching 0%, in the Wrong-All set-535

ting. This pattern suggests that strong models may536

reject the entire reasoning chain due to counterfac-537

tual errors, even if the final answer is correct.538

Moreover, we find that the effect of counterfac-539

tual content on reasoning chains extends beyond re-540

ducing susceptibility to misleading reasoning. The541

accumulation of erroneous information within the542

reasoning chain appears to undermine weak mod-543

els’ trust in the reasoning. With the exception of544

Llama3-8B, all models exhibit pass rates that fall545

below the w/o Think baseline when exposed to rea-546

soning chains containing fully counterfactual con-547

tent. This indicates that cases previously accepted548

by the judge are rejected once sufficient incorrect549

information is introduced into the reasoning chain.550

4.3.3 Effects of Position551

Motivated by the sequential nature of human rea-552

soning, we examine whether the insertion posi-553

tion of interfering information differentially affects 554

model judgment. The results in Table 3 reveal 555

a position sensitivity in judge behavior, with fac- 556

tual injections introduced as prefixes exerting a 557

consistently stronger impact than those inserted 558

as suffixes. Across all synthesized settings, suffix 559

injections lead to smaller reductions in pass rate 560

than prefixes. For example, under the Basic-All 561

condition, Qwen3-8B’s pass rate drops to 61.0% 562

when counterfactual content is inserted as a prefix, 563

but remains substantially higher at 86.0% when the 564

same content is appended as a suffix. 565

A similar pattern is observed for GPT-4o, where 566

the pass rate drops to 18.4% under the prefix condi- 567

tion but remains at 39.2% for the suffix condition, 568

closer to the 48.6% baseline with natural reason- 569

ing chains. This suggests that judges are more 570

likely to interpret information at the beginning of 571

the chain as reasoning premises, triggering stricter 572

logical consistency checks. When such prefixed 573

content conflicts with the subsequent reasoning, 574

judges tend to scrutinize the answer more aggres- 575

sively. In contrast, suffix-level injections are more 576

often treated as auxiliary information and thus have 577

a weaker influence on the final judgment. 578

5 Conclusions 579

In this work,we systematically investigate the influ- 580

ence of reasoning chains on LLM-based judgment. 581

Our results show that weak models tend to blindly 582

trust reasoning chains, leading to overconfidence, 583

whereas strong models sometimes effectively lever- 584

age reasoning to detect errors. Additionally, our 585

fine-grained analysis reveals that disrupting seman- 586

tic coherence or factuality directly reduces model 587

trust. In particular, injecting counterfactual content 588

may cause the model to reject the answer. These 589

findings suggest that the reasoning chains repre- 590

sent a promising direction for future research in 591

LLM-as-a-Judge systems. 592
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Limitations593

While our study provides systematic insights into594

the impact of reasoning chains on LLM-based judg-595

ment, there are several limitations to consider. First,596

our investigation is confined to text-based bench-597

marks. The influence of reasoning in multimodal598

contexts (e.g., vision-language tasks) remains un-599

explored and represents a promising direction for600

future work. Second, due to computational con-601

straints, we did not prompt the judge models to602

generate their own reasoning chains prior to deliv-603

ering a verdict. Instead, we restricted the models604

to providing direct judgments without intermediate605

reasoning steps. Finally, although we evaluated606

a diverse set of representative models, the rapid607

evolution of proprietary LLMs means our coverage608

is inevitably not exhaustive. Future studies could609

extend our findings to a broader array of emerging610

reasoning models.611

Ethical Considerations612

All models and datasets used in this study are pub-613

licly available or accessed via official APIs. The614

datasets employed (NQ, HotpotQA, and GSM8K)615

are standard in the field and contain no personally616

identifiable information (PII) or offensive content.617

As this work focuses on evaluating model capa-618

bilities using existing resources, it introduces no619

additional societal risks or ethical concerns.620

References621

Adam P. Goucher Adam Perelman Aditya Ramesh622
Aidan Clark AJ Ostrow Akila Welihinda Alan623
Hayes Alec Radford Aleksander Ma dry Alex Baker-624
Whitcomb Alex Beutel Alex Borzunov Alex Carney625
Alex Chow Alex Kirillov Aaron Hurst, Adam Lerer626
and 1 others. 2024. Gpt-4o system card. Preprint,627
arXiv:2410.21276.628

AI@Meta. 2024. Llama 3.1 model card. Technical629
report, Meta AI. Online documentation, accessed630
2026-01-05.631

Anthropic. 2025. Claude opus 4.5 system card. Techni-632
cal report, Anthropic. Accessed: 2026-01-05.633

Tom Brown, Benjamin Mann, Nick Ryder, Melanie634
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind635
Neelakantan, Pranav Shyam, Girish Sastry, Amanda636
Askell, and 1 others. 2020. Language models are637
few-shot learners. Advances in neural information638
processing systems, 33:1877–1901.639

Yupeng Chang, Xu Wang, Jindong Wang, Yuan Wu,640
Linyi Yang, Kaijie Zhu, Hao Chen, Xiaoyuan Yi,641

Cunxiang Wang, Yidong Wang, and 1 others. 2024. 642
A survey on evaluation of large language models. 643
ACM transactions on intelligent systems and technol- 644
ogy, 15(3):1–45. 645

Hongyu Chen and Seraphina Goldfarb-Tarrant. 2025. 646
Safer or luckier? llms as safety evaluators are not 647
robust to artifacts. arXiv preprint arXiv:2503.09347. 648

Cheng-Han Chiang and Hung-yi Lee. 2023. Can large 649
language models be an alternative to human evalua- 650
tions? In Proceedings of the 61st Annual Meeting of 651
the Association for Computational Linguistics (Vol- 652
ume 1: Long Papers), pages 15607–15631, Toronto, 653
Canada. Association for Computational Linguistics. 654

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian, 655
Mark Chen, Heewoo Jun, Lukasz Kaiser, Matthias 656
Plappert, Jerry Tworek, Jacob Hilton, Reiichiro 657
Nakano, and 1 others. 2021. Training verifiers 658
to solve math word problems. arXiv preprint 659
arXiv:2110.14168. 660

DeepSeek-AI, Aixin Liu, Bei Feng, Bing Xue, Bingx- 661
uan Wang, Bochao Wu, Chengda Lu, Chenggang 662
Zhao, Chengqi Deng, Chenyu Zhang, Chong Ruan, 663
Damai Dai, Daya Guo, Dejian Yang, Deli Chen, 664
Dongjie Ji, Erhang Li, Fangyun Lin, Fucong Dai, 665
and 181 others. 2025. Deepseek-v3 technical report. 666
Preprint, arXiv:2412.19437. 667

Mingqi Gao, Xinyu Hu, Xunjian Yin, Jie Ruan, Xiao 668
Pu, and Xiaojun Wan. 2025. Llm-based nlg evalua- 669
tion: Current status and challenges. Computational 670
Linguistics, pages 1–27. 671

Fan Huang, Haewoon Kwak, Kunwoo Park, and Jisun 672
An. 2024. ChatGPT rates natural language expla- 673
nation quality like humans: But on which scales? 674
ELRA and ICCL. 675

Tom Kwiatkowski, Jennimaria Palomaki, Olivia Red- 676
field, Michael Collins, Ankur Parikh, Chris Alberti, 677
Danielle Epstein, Illia Polosukhin, Jacob Devlin, Ken- 678
ton Lee, and 1 others. 2019. Natural questions: a 679
benchmark for question answering research. Trans- 680
actions of the Association for Computational Linguis- 681
tics, 7:453–466. 682

Yang Liu, Dan Iter, Yichong Xu, Shuohang Wang, 683
Ruochen Xu, and Chenguang Zhu. 2023. G-eval: 684
NLG evaluation using gpt-4 with better human align- 685
ment. In Proceedings of the 2023 Conference on 686
Empirical Methods in Natural Language Processing, 687
pages 2511–2522, Singapore. Association for Com- 688
putational Linguistics. 689

Oscar Mañas, Benno Krojer, and Aishwarya Agrawal. 690
2024. Improving automatic vqa evaluation using 691
large language models. In Proceedings of the AAAI 692
Conference on Artificial Intelligence, volume 38, 693
pages 4171–4179. 694

Arash Marioriyad, Mohammad Hossein Rohban, and 695
Mahdieh Soleymani Baghshah. 2025. The silent 696
judge: Unacknowledged shortcut bias in llm-as-a- 697
judge. arXiv preprint arXiv:2509.26072. 698

9

https://arxiv.org/abs/2410.21276
https://github.com/meta-llama/llama-models/blob/main/models/llama3_1/MODEL_CARD.md
https://assets.anthropic.com/m/64823ba7485345a7/Claude-Opus-4-5-System-Card.pdf
https://doi.org/10.18653/v1/2023.acl-long.870
https://doi.org/10.18653/v1/2023.acl-long.870
https://doi.org/10.18653/v1/2023.acl-long.870
https://doi.org/10.18653/v1/2023.acl-long.870
https://doi.org/10.18653/v1/2023.acl-long.870
https://arxiv.org/abs/2412.19437
https://aclanthology.org/2024.lrec-main.277/
https://aclanthology.org/2024.lrec-main.277/
https://aclanthology.org/2024.lrec-main.277/
https://doi.org/10.18653/v1/2023.emnlp-main.153
https://doi.org/10.18653/v1/2023.emnlp-main.153
https://doi.org/10.18653/v1/2023.emnlp-main.153
https://doi.org/10.18653/v1/2023.emnlp-main.153
https://doi.org/10.18653/v1/2023.emnlp-main.153


Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida,699
Carroll Wainwright, Pamela Mishkin, Chong Zhang,700
Sandhini Agarwal, Katarina Slama, Alex Ray, John701
Schulman, Jacob Hilton, Fraser Kelton, Luke Miller,702
Maddie Simens, Amanda Askell, Peter Welinder,703
Paul F Christiano, Jan Leike, and Ryan Lowe. 2022.704
Training language models to follow instructions with705
human feedback. In Advances in Neural Information706
Processing Systems, volume 35, pages 27730–27744.707
Curran Associates, Inc.708

Maja Pavlovic and Massimo Poesio. 2024. The ef-709
fectiveness of LLMs as annotators: A comparative710
overview and empirical analysis of direct representa-711
tion. ELRA and ICCL.712

Qwen, :, An Yang, Baosong Yang, Beichen Zhang,713
Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan714
Li, Dayiheng Liu, Fei Huang, Haoran Wei, Huan715
Lin, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin716
Yang, Jiaxi Yang, Jingren Zhou, and 25 oth-717
ers. 2025. Qwen2.5 technical report. Preprint,718
arXiv:2412.15115.719

Sijun Tan, Siyuan Zhuang, Kyle Montgomery,720
William Yuan Tang, Alejandro Cuadron, Chen-721
guang Wang, Raluca Popa, and Ion Stoica. 2025.722
Judgebench: A benchmark for evaluating LLM-based723
judges. In The Thirteenth International Conference724
on Learning Representations.725

Pat Verga, Sebastian Hofstatter, Sophia Althammer, Yix-726
uan Su, Aleksandra Piktus, Arkady Arkhangorodsky,727
Minjie Xu, Naomi White, and Patrick Lewis. 2024.728
Replacing judges with juries: Evaluating llm genera-729
tions with a panel of diverse models. arXiv preprint730
arXiv:2404.18796.731

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten732
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou,733
and 1 others. 2022. Chain-of-thought prompting elic-734
its reasoning in large language models. Advances735
in neural information processing systems, 35:24824–736
24837.737

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang,738
Binyuan Hui, Bo Zheng, Bowen Yu, Chang739
Gao, Chengen Huang, Chenxu Lv, and 1 others.740
2025. Qwen3 technical report. arXiv preprint741
arXiv:2505.09388.742

Zhilin Yang, Peng Qi, Saizheng Zhang, Yoshua Bengio,743
William Cohen, Ruslan Salakhutdinov, and Christo-744
pher D Manning. 2018. Hotpotqa: A dataset for745
diverse, explainable multi-hop question answering.746
In Proceedings of the 2018 conference on empiri-747
cal methods in natural language processing, pages748
2369–2380.749

Anqi Zhang, Yulin Chen, Jane Pan, Chen Zhao, Au-750
rojit Panda, Jinyang Li, and He He. 2025. Rea-751
soning models know when they’re right: Probing752
hidden states for self-verification. arXiv preprint753
arXiv:2504.05419.754

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan 755
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin, 756
Zhuohan Li, Dacheng Li, Eric Xing, Hao Zhang, 757
Joseph E. Gonzalez, and Ion Stoica. 2023. Judging 758
LLM-as-a-judge with MT-bench and chatbot arena. 759
In Thirty-seventh Conference on Neural Information 760
Processing Systems Datasets and Benchmarks Track. 761

Zhipu AI. 2025. Glm-4-32b model card. https:// 762
huggingface.co/zai-org/GLM-4-32B-0414. 763

A Prompts 764

short_qa

Answer the following question based on
your internal knowledge with one or few
words.

Question:{question}
765

llm_judge_without_think

Judge whether the following answer about
the question is correct. If you are sure the
answer is correct, say certain. If not,
please say uncertain. Just give your
judgment without any other words.

Question:{question}

Answer:{prediction}
766

llm_judge_with_think

Judge whether the following answer about
the question is correct. The content inside
<think></think> represents the reasoning
process of the model, while the content
after </think> is the answer provided by the
model. If you are sure the answer is correct,
say certain. If not, please say uncertain.
Just give your judgment without any other
words.

Question:{question}

Answer:{prediction}
767

llm_selfjudge

Answer the following question based on
your internal knowledge with one or few
words. Then, judge whether your answer is
correct. If you are sure the answer is
correct, say certain. If not, please say

768

10

https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://aclanthology.org/2024.nlperspectives-1.11/
https://aclanthology.org/2024.nlperspectives-1.11/
https://aclanthology.org/2024.nlperspectives-1.11/
https://aclanthology.org/2024.nlperspectives-1.11/
https://aclanthology.org/2024.nlperspectives-1.11/
https://aclanthology.org/2024.nlperspectives-1.11/
https://aclanthology.org/2024.nlperspectives-1.11/
https://arxiv.org/abs/2412.15115
https://openreview.net/forum?id=G0dksFayVq
https://openreview.net/forum?id=G0dksFayVq
https://openreview.net/forum?id=G0dksFayVq
https://openreview.net/forum?id=uccHPGDlao
https://openreview.net/forum?id=uccHPGDlao
https://openreview.net/forum?id=uccHPGDlao
https://huggingface.co/zai-org/GLM-4-32B-0414
https://huggingface.co/zai-org/GLM-4-32B-0414
https://huggingface.co/zai-org/GLM-4-32B-0414


uncertain. Your output should be in the
following format:
Answer: <your answer>
Judge: <certain/uncertain>

Question:{question}
769

basic_all

The Earth orbits the Sun once every 365
days, producing the cycle of the seasons.
Water freezes at 0 degrees Celsius and boils
at 100 degrees Celsius at standard
atmospheric pressure. Humans typically
have 206 bones in the adult skeleton. The
Pacific Ocean is the largest ocean on Earth,
and Mount Everest is the tallest mountain
above sea level.

770

wrong_few

The Earth orbits the Sun once every 100
days, producing the cycle of the seasons.
Water freezes at 0 degrees Celsius and boils
at 100 degrees Celsius at standard
atmospheric pressure. Humans typically
have 206 bones in the adult skeleton. The
Pacific Ocean is the largest ocean on Earth,
and Mount Everest is the tallest mountain
above sea level.
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wrong_all

The Earth orbits the Sun once every 100
days, producing the cycle of the seasons.
Water freezes at 10 degrees Celsius and
boils at 100 degrees Celsius at standard
atmospheric pressure. Humans typically
have 100 bones in the adult skeleton. The
Pacific Ocean is the smallest ocean on
Earth, and Mount Everest is the tallest
mountain above sea level.

772
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Table 4: Evaluation results(%) of LLM-as-a-Judge behavior with and without reasoning chains across factual and
mathematical datasets, with all answers generated by Qwen3-14B.

Dataset Acc Judge Models Alignment Pass Rate Overconfidence Conservativeness

w/o Think w/ Think w/o Think w/ Think w/o Think w/ Think w/o Think w/ Think

NQ 31.2

Qwen3-8B 57.8 39.2 59.8 90.8 35.4 60.2 6.8 0.6
Qwen3-14B 55.2 40.6 67.2 89.8 40.4 59.0 4.4 0.4
Qwen3-32B 40.8 41.2 88.0 89.6 58.0 58.6 1.2 0.2
Llama3-8B 40.2 32.6 87.8 98.6 58.2 67.4 1.6 0.0
Llama3-70B 51.0 41.4 76.6 87.0 47.2 57.2 1.8 1.4
GLM4-32B 47.6 37.0 82.0 94.2 51.6 63.0 0.8 0.0
GLM4-Z1-32B 75.2 50.8 36.8 72.4 15.2 45.2 9.6 4.0

GPT-4o 73.6 70.2 45.2 51.8 20.2 25.2 6.2 4.6
DeepSeek-v3.1 62.8 61.8 61.6 62.2 33.8 34.6 3.4 3.6
Claude Sonnet 4.5 77.2 77.2 14.0 10.4 2.8 10.0 20.0 21.8

HotpotQA 30.8

Qwen3-8B 56.2 47.0 57.4 75.0 35.2 48.6 8.6 4.4
Qwen3-14B 53.6 49.0 66.0 75.8 40.8 48.0 5.6 3.0
Qwen3-32B 44.0 49.4 83.2 75.0 54.2 47.4 1.8 3.2
Llama3-8B 44.6 38.8 77.0 85.6 50.8 58.0 4.6 3.2
Llama3-70B 52.6 49.6 69.4 76.0 43.0 47.8 4.4 2.6
GLM4-32B 50.2 46.2 75.8 82.2 47.4 52.6 2.4 1.2
GLM4-Z1-32B 74.6 59.2 14.6 50.8 4.6 30.4 20.8 10.4

GPT-4o 77.2 75.6 29.2 32.4 10.6 13.0 12.2 11.4
DeepSeek 62.4 64.6 55.6 51.4 31.2 28.0 6.4 7.4
Claude 75.0 70.8 9.8 3.6 2.0 1.0 23.0 28.2

GSM8K 94.0

Qwen3-8B 72.8 94.8 72.4 99.2 2.8 5.2 24.4 0.0
Qwen3-14B 70.4 94.8 71.2 99.2 3.4 5.2 26.2 0.0
Qwen3-32B 86.8 94.6 89.6 99.4 4.4 5.4 8.8 0.0
Llama3-8B 89.8 94.8 93.0 98.8 4.6 5.0 5.6 0.2
Llama3-70B 83.0 95.2 85.8 98.0 4.4 4.4 12.6 0.4
GLM4-32B 89.2 95.0 92.8 99.0 4.8 5.0 6.0 0.0
GLM4-Z1-32B 47.4 86.4 45.8 87.6 2.2 3.6 50.4 10.0

GPT-4o 93.4 92.0 94.2 94.0 3.4 4.0 3.2 4.0
DeepSeek-v3.1 94.8 94.8 98.4 98.4 4.8 4.8 0.4 0.4
Claude Sonnet 4.5 50.0 50.0 46.0 46.0 1.0 1.0 49.0 49.0

Table 5: Evaluation results(%) of LLM-as-a-Judge behavior with and without reasoning chains across factual and
mathematical datasets, with all answers generated by Qwen3-32B.

Dataset Acc Judge Models Alignment Pass Rate Overconfidence Conservativeness

w/o Think w/ Think w/o Think w/ Think w/o Think w/ Think w/o Think w/ Think

NQ 35.6

Qwen3-8B 54.6 41.2 63.8 93.6 36.8 58.4 8.6 0.4
Qwen3-14B 56.2 40.6 69.4 94.2 38.8 59.0 5.0 0.4
Qwen3-32B 42.6 41.4 90.2 93.4 56.0 58.2 1.4 0.4
Llama3-8B 39.8 36.8 92.2 98.4 58.4 63.0 1.8 0.2
Llama3-70B 56.2 47.2 73.4 86.8 40.8 52.0 3.0 0.8
GLM4-32B 46.8 41.6 86.0 92.8 51.8 57.8 1.4 0.6
GLM4-Z1-32B 71.8 49.8 36.6 82.2 14.6 48.4 13.6 1.8

GPT-4o 74.6 72.0 51.8 56.8 20.8 24.6 4.6 3.4
DeepSeek-v3.1 64.0 67.4 61.2 52.6 30.8 24.8 5.2 7.8
Claude Sonnet 4.5 73.0 70.4 11.8 8.8 1.6 1.4 25.4 28.2

HotpotQA 34.4

Qwen3-8B 58.4 43.2 57.6 85.2 32.4 53.8 9.2 3.0
Qwen3-14B 59.6 41.0 60.0 87.4 33.0 56.0 7.4 3.0
Qwen3-32B 49.0 46.6 83.4 83.4 50.0 51.2 1.0 2.2
Llama3-8B 47.6 39.2 78.8 92.0 48.4 59.2 4.0 1.6
Llama3-70B 57.6 48.6 66.4 81.8 37.2 49.4 5.2 2.0
GLM4-32B 54.8 45.6 74.8 87.6 42.8 53.8 2.4 0.6
GLM4-Z1-32B – 54.0 – 65.2 – 38.4 – 7.6

GPT-4o 78.0 76.2 30.0 36.6 8.8 13.0 13.2 10.8
DeepSeek-v3.1 60.2 64.0 63.4 54.4 34.4 28.0 5.4 8.0
Claude Sonnet 4.5 71.2 69.8 8.4 5.0 0.4 1.4 27.4 29.8

GSM8K 95.8

Qwen3-8B 81.6 95.6 81.8 99.8 2.2 4.2 16.2 0.2
Qwen3-14B 84.4 95.6 85.0 99.8 2.4 4.2 13.2 0.2
Qwen3-32B 90.4 96.0 93.8 99.8 3.8 4.0 5.8 0.0
Llama3-8B 94.4 96.2 98.2 99.2 4.0 3.6 1.6 0.2
Llama3-70B 87.0 95.6 90.0 99.4 3.6 4.0 9.4 0.4
GLM4-32B 94.2 96.0 98.4 99.8 4.2 4.0 1.6 0.0
GLM4-Z1-32B 25.0 91.6 22.0 95.0 0.6 3.8 74.4 4.6

GPT-4o 94.6 94.4 96.8 97.8 3.2 3.8 2.2 1.8
DeepSeek-v3.1 94.8 95.8 98.6 99.6 4.0 4.0 1.2 0.2
Claude Sonnet 4.5 60.2 57.2 58.0 54.6 1.0 0.8 38.8 42.0
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Table 6: Evaluation results(%) of LLM-as-a-Judge behavior with and without reasoning chains across factual and
mathematical datasets, with all answers generated by DeepSeek-v3.1.

Dataset Acc Judge Models Alignment Pass Rate Overconfidence Conservativeness

w/o Think w/ Think w/o Think w/ Think w/o Think w/ Think w/o Think w/ Think

NQ 46.4

Qwen3-8B 75.8 50.6 46.6 94.2 12.2 48.6 12.0 0.8
Qwen3-14B 75.8 49.0 54.2 95.4 16.0 50.0 8.2 1.0
Llama3-8B 77.8 47.0 61.0 98.6 18.4 52.6 3.8 0.4

GPT-4o 88.0 51.6 52.8 91.6 9.2 46.8 2.8 1.6
DeepSeek-V3.1 80.4 49.0 46.0 95.8 9.6 50.2 10.0 0.8
Claude Sonnet 4.5 90.0 55.8 48.8 69.8 6.2 33.8 3.8 10.4

GSM8K 95.6

Qwen3-8B 56.0 92.6 53.2 95.8 0.8 3.8 43.2 3.6
Qwen3-14B 63.4 94.4 61.8 97.2 1.4 3.6 35.2 2.0
Llama3-8B 51.8 94.2 51.8 97.8 2.2 4.0 46.0 1.8
GPT-4o 66.4 95.0 64.0 97.0 1.0 3.2 32.6 1.8
DeepSeek-v3.1 64.0 95.0 64.0 98.2 2.2 3.8 33.8 1.2
Claude Sonnet 4.5 58.6 87.6 55.4 85.6 0.6 1.2 40.8 11.2
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