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Abstract001

Large language models (LLMs) increasingly002
rely on explicit reasoning to solve coding tasks,003
yet evaluating the quality of this reasoning re-004
mains challenging. Existing reasoning evalu-005
ators are not designed for coding, and current006
benchmarks focus primarily on code genera-007
tion, leaving other coding tasks largely unex-008
plored. We introduce CodeRQ-Bench, the first009
benchmark for evaluating LLM reasoning qual-010
ity across three coding task categories: genera-011
tion, summarization, and classification. Using012
this benchmark, we analyze 1,069 mismatch013
cases from existing evaluators, identify five re-014
curring limitations, and derive four design in-015
sights for reasoning evaluation in coding tasks.016
Guided by these insights, we propose VERA, a017
two-stage evaluator that combines evidence-018
grounded verification with ambiguity-aware019
score correction. Experiments on CodeRQ-020
Bench show that VERA consistently outper-021
forms strong baselines across four datasets, im-022
proving AUCROC by up to 0.26 and AUPRC023
by up to 0.21. We release CodeRQ-Bench024
at https://anonymous.4open.science/r/025
CodeRQ-Bench-F12D, supporting future inves-026
tigations.027

1 Introduction028

Large Language models (LLMs) are widely used029

for coding tasks (Roziere et al., 2023; Hou et al.,030

2024; Zhang et al., 2024; Sun et al., 2025; Bouzenia031

et al., 2025). With the rise of reasoning-enhanced032

models such as OpenAI’s o-series (Jaech et al.,033

2024; El-Kishky et al., 2025), DeepSeek-R1 (Guo034

et al., 2025), and Chain-of-Thought (CoT) prompt-035

ing (Wei et al., 2022) and its variants (Yao et al.,036

2023; Besta et al., 2024; Li et al., 2025), eliciting037

step-by-step reasoning has become a key strategy038

for improving performance on coding tasks.039

However, the quality of such reasoning is often040

unreliable (Turpin et al., 2023; Lanham et al., 2023;041

Tanneru et al., 2024), and flawed reasoning can042

Output Evaluation Reasoning Evaluation

[Task Description]

Correct
The generated code passes all

test cases.

Write a function to check whether 

a number is even.

[Task Description]

Write a function to check whether 

a number is even.

[Generated Reasoning]

1.I need to check whether 

     the number is divisible by 2.

2.If x % 2 == 1, 

     then the number is even.

[Generated Answer]

  def is_even(x):

     return x % 2 == 0

[Generated Reasoning]

1.I need to check whether 

      the number is divisible by 2.

   2.If x % 2 == 1, 

      then the number is even.

[Generated Answer]

  def is_even(x):

     return x % 2 == 0

Incorrect
Step 2: x % 2 == 1 means 

the number is odd, not even. 

(Even code may be correct)

Figure 1: Output-based vs. Reasoning-based evaluation
in a code generation task.

degrade the final output (Zhang et al., 2025). De- 043

spite this, existing evaluation primarily focuses on 044

final output correctness. Benchmarks such as SWE- 045

bench (Jimenez et al., 2024) and HumanEval (Chen 046

et al., 2021) assess task success using outcome- 047

based metrics (e.g., test passing, pass@k), leaving 048

the reasoning process largely unexamined. As a 049

result, LLMs may produce correct code while rely- 050

ing on faulty intermediate reasoning (Zhang et al., 051

2025) (Fig. 1 shows an example). Ignoring the rea- 052

soning process limits our understanding of model 053

behavior and hinders progress toward reliable rea- 054

soning in coding tasks. 055

Recent work has begun to move beyond output 056

correctness and evaluate the reasoning processes 057

generated by LLMs. RECEVAL (Prasad et al., 058

2023) assesses reasoning along correctness and in- 059

formativeness, SOCREVAL (He et al., 2024) uses 060

Socratic-style prompting to evaluate reasoning, and 061

CaSE (Do et al., 2025) applies step-level causal 062

scoring to assess relevance and coherence. How- 063

ever, these methods were developed and validated 064

on general NLP tasks, such as arithmetic reason- 065

ing and commonsense question answering. Coding 066

tasks differ from NLP tasks substantially, as they 067

involve program structure, semantics, and execu- 068

tion behavior (Liu et al., 2024; Yang et al., 2025). 069
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Therefore, it is necessary to evaluate these methods070

in the coding domain to assess their effectiveness.071

Another key challenge is the lack of comprehen-072

sive benchmarks for evaluating reasoning quality in073

coding tasks. Existing efforts focus mainly on code074

generation, with limited coverage of other task cat-075

egories. Coding tasks are commonly grouped by076

output modality into generation, summarization,077

and classification (Lu et al., 2021; Zhang et al.,078

2024). These categories require different forms079

of reasoning (Gu et al., 2024a; Liu et al., 2024;080

Yuan and Zhang, 2025; Xie et al., 2025): genera-081

tion involves constructive planning, summarization082

requires semantic abstraction and compression, and083

classification relies on diagnostic deduction. Re-084

stricting evaluation to generation therefore provides085

only a partial view of evaluator performance, ob-086

scuring task-specific limitations and hindering the087

development of more reliable reasoning evaluators.088

To address these limitations, (1) we introduce089

Code Reasoning Quality Benchmark (CodeRQ-090

Bench), to our knowledge the first benchmark for091

evaluating the quality of LLM-generated reasoning092

across three coding task categories. Each instance093

is annotated for reasoning quality through a three-094

expert consensus-based annotation process, fol-095

lowing established practices in dataset annotation096

and annotator agreement assessment (Pustejovsky097

and Stubbs, 2012; Teruel et al., 2018; Oortwijn098

et al., 2021). (2) Built on CodeRQ-Bench, we099

show that existing reasoning evaluators have sub-100

stantial limitations on coding tasks. We analyze101

1,069 cases where evaluators misjudge reasoning102

correctness, identify five recurring limitations, and103

derive four key insights that highlight new direc-104

tions for reasoning-quality evaluation in coding105

tasks (see §4). (3) Motivated by these findings,106

we propose Verified Evaluation of Reasoning with107

Ambiguity-awareness (VERA), a two-stage evalua-108

tor that first verifies reasoning correctness against109

external evidence and then calibrates scores based110

on task ambiguity and how well the reasoning ad-111

dresses it. On CodeRQ-Bench, VERA achieves112

state-of-the-art performance, improving over exist-113

ing baselines by up to 0.26 in AUCROC and 0.21114

in AUPRC.115

2 Related Work116

Outcome-Based Evaluation of Coding Tasks.117

Existing evaluation of coding tasks is largely118

outcome-based, relying on metrics such as exe-119

cution correctness, exact match, and classification 120

accuracy across tasks like code generation, repair, 121

summarization, and bug detection (Chen et al., 122

2021; Du et al., 2023; Liu et al., 2023; Tian et al., 123

2024; Jimenez et al., 2024). While effective for 124

measuring task success, these metrics cannot as- 125

sess the reliability of the reasoning process: correct 126

outputs may arise from flawed reasoning, and vice 127

versa (Zhang et al., 2025). Recent benchmarks such 128

as CRUXEval (Gu et al., 2024a), CoRe (Xie et al., 129

2025), CodeMind, and EquiBench (Liu et al., 2024; 130

Wei et al., 2025) evaluate models on reasoning- 131

intensive coding tasks but still focus on task per- 132

formance as the primary metric. In contrast, our 133

work evaluates the reasoning chain itself, enabling 134

direct assessment of reasoning reliability and more 135

fine-grained diagnosis of reasoning failures. 136

Existing Reasoning Evaluation Methods. Early 137

work evaluates model-generated reasoning by com- 138

paring it with human-written explanations us- 139

ing similarity-based metrics (Clinciu et al., 2021; 140

Welleck et al., 2022). ROSCOE extends this ap- 141

proach by assessing reasoning along multiple di- 142

mensions, including factuality, coherence, and re- 143

dundancy (Golovneva et al., 2022). However, 144

reference-based methods rely on predefined rea- 145

soning chains, limiting their ability to capture the 146

diversity of valid reasoning paths. 147

Recent work moves toward reference-free rea- 148

soning evaluation. ReCEval (Prasad et al., 2023) 149

evaluates reasoning in terms of correctness and 150

informativeness; SocREval (He et al., 2024) uses 151

Socratic-style prompting to guide LLMs through 152

probing questions before producing an evaluation; 153

and CaSE (Do et al., 2025) applies causal stepwise 154

scoring to assess relevance and coherence. How- 155

ever, these methods were developed for general rea- 156

soning tasks, such as arithmetic and commonsense 157

question answering, rather than coding tasks. In 158

coding settings, reasoning quality depends not only 159

on linguistic coherence but also on code semantics, 160

execution behavior, and technical constraints. We 161

address this gap by introducing a coding-oriented 162

benchmark and evaluator. 163

3 CodeRQ-Bench: Code Reasoning 164

Quality Benchmark 165

3.1 Preliminaries and Problem Definition 166

Code Reasoning Quality (CodeRQ) evaluation 167

focuses on assessing the correctness of LLM- 168

generated reasoning for solving a coding task. In 169
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CodeRQ evaluation, the input consists of a coding-170

task description q, an LLM-generated reasoning171

chain C = (s1, . . . , sn), and the corresponding fi-172

nal output o. Given (q, C, o), the goal is to return173

a score in [0, 1] indicating how likely the reason-174

ing process is correct, where larger values indicate175

higher estimated reasoning quality.176

3.2 Dataset Construction177
To date, the only reasoning-annotated datasets for178

coding tasks are CoderEval-Reasoning Evaluation179

(CoderEval-RE) and SWE-bench-Reasoning180

Evaluation (SWEbench-RE), both introduced by181

Zhang et al. (Zhang et al., 2025). We adopt the182

DeepSeek-R1(Guo et al., 2025)-generated traces183

provided in that work (see Appx. A.1 for details). A184

comprehensive benchmark for CodeRQ evaluation185

should cover the three categories of coding tasks186

under the output-modality taxonomy: generation,187

summarization, and classification (Lu et al., 2021;188

Zhang et al., 2024). However, CoderEval-RE and189

SWEbench-RE cover only the generation category,190

limiting evaluation to a single modality. To address191

this limitation, CodeRQ-Bench builds on these192

two datasets and further introduces Modified-193

ClassEval-Reasoning Evaluation (ClassEval-RE)194

for summarization and Bug Detection-Reasoning195

Evaluation (DebugBench-RE) for classification,196

each annotated by three experts.197

ClassEval-RE is constructed based on Modified-198

ClassEval (Makharev and Ivanov, 2025), a dataset199

obtained by reformulating ClassEval (Du et al.,200

2023) for code summarization. DebugBench-RE201

is constructed based on DebugBench (Tian et al.,202

2024), a code debugging benchmark in which mod-203

els determine whether a code snippet contains a204

defect. For both datasets, we sample 139 and 252205

instances for ClassEval-RE and DebugBench-RE,206

respectively, at a confidence level of 90% and a207

margin of error of 5%. For each sampled instance,208

we generate a reasoning trace with GPT-4o (Ope-209

nAI, 2024a), selected for its strong overall capabil-210

ity and favorable cost (OpenAI, 2025a). We then211

label its correctness with three expert annotators.212

More details about the construction of ClassEval-213

RE and DebugBench-RE, including the used source214

datasets and sampling procedure, see Appx. A.2215

and A.3. CodeRQ-Bench’s data distribution is216

shown in Table 1.217

3.3 Data Annotation Process218

To ensure annotation consistency, three expert219

annotators follow a consensus-based workflow,220

Table 1: CodeRQ-Bench Dataset Distribution

Output Modality Dataset Size # Correct / Incorrect
Reasoning

Code Generation
CoderEval-RE 230 70 / 160

SWEBench-RE 111 21 / 90

Code Summarization ClassEval-RE 139 112 / 27

Bug Detection DebugBench-RE 252 153 / 99

consistent with common dataset annotation prac- 221

tices (Pustejovsky and Stubbs, 2012; Artstein, 222

2017; Teruel et al., 2018; Oortwijn et al., 2021). 223

The annotators first jointly establish guidelines for 224

judging reasoning correctness and then indepen- 225

dently annotate each instance. To assess reliability 226

before adjudication, we measure inter-annotator 227

agreement during the initial annotation phase using 228

Fleiss’ κ (Fleiss, 1971), which is suitable for three 229

annotators. For the two newly constructed datasets, 230

Fleiss’ κ is 0.91 for ClassEval-RE and 0.95 for 231

DebugBench-RE, with adjudication rates of 4.32% 232

and 3.57%, respectively, indicating almost perfect 233

agreement (Landis and Koch, 1977). 234

After independent annotation, annotators review 235

cases with inconsistent labels and assign a con- 236

sensus label through discussion. If disagreements 237

reveal ambiguities in the guidelines, the rules are 238

refined and the affected instances are re-annotated. 239

This cycle of independent annotation, disagreement 240

resolution, and guideline refinement continues until 241

consensus labels are obtained for all instances. 242

The annotation guideline is grounded in theo- 243

ries of human problem solving and logical reason- 244

ing. Following Pólya’s framework of understand- 245

ing, planning, execution, and verification (Schoen- 246

feld, 1987), we operationalize reasoning quality 247

into three stage-specific dimensions: Comprehen- 248

sion, Analysis, and Conclusion. In addition, in- 249

spired by Johnson-Laird et al. (Johnson-Laird et al., 250

2004), which shows that inconsistency detection 251

relies on constructing a coherent mental model, we 252

introduce Consistency as a cross-cutting dimension. 253

For each dimension, we define concrete annota- 254

tion rules for each dataset. The full guidelines for 255

ClassEval-RE and DebugBench-RE are provided 256

in Appx. A.2.3 and Appx. A.3.3. 257

4 Analyzing the Limitations of Existing 258

Reasoning Evaluators on Coding Tasks 259

Existing reasoning quality evaluators, including 260

RECEVAL, SOCREVAL, and CaSE (Prasad et al., 261

2023; He et al., 2024; Do et al., 2025), perform 262

poorly on coding tasks, often failing to distinguish 263
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correct from incorrect reasoning and achieving264

near-random performance (see Table 3). To di-265

agnose these limitations and inform the design of266

improved evaluators, we analyze cases where eval-267

uator scores misalign with the actual reasoning268

correctness.269

4.1 Analysis Setup and Protocol270

We apply existing reasoning evaluators to CodeRQ-271

Bench and analyze cases where their scores mis-272

align with the ground-truth reasoning correctness.273

We categorize mismatches into two types: missed274

errors, where incorrect reasoning receives a high275

score, and false alarms, where correct reasoning276

receives a low score. Since the existing evaluators277

produce continuous scores, we use the midpoint of278

each evaluator’s score range as a threshold, treating279

scores above or equal to the midpoint as high and280

those below as low. Using this criterion, we iden-281

tify 1,069 mismatch cases, including 709 missed282

errors and 360 false alarms.283

We analyze these mismatch cases using a three-284

step protocol. First, for each case, we use GPT-285

5.2 (OpenAI, 2025b), which supports long-context,286

to generate a diagnostic annotation explaining why287

the evaluator’s score diverges from the ground-truth288

reasoning correctness. The annotation considers289

the evaluator’s method description, the task prompt,290

the LLM-generated reasoning chain and final out-291

put, and the evaluator’s detailed assessment out-292

puts. Second, GPT-5.2 extracts open-coded lim-293

itation labels from these diagnostics. Third, we294

consolidate these labels into higher-level categories295

through a two-stage process: embedding-based pre-296

clustering using text-embedding-3-large (Ope-297

nAI, 2024b), followed by taxonomy consolidation298

with GPT-5.2, yielding a taxonomy of evaluator299

limitations. All prompts are provided in Appx. B.1.300

To validate the LLM-based analysis, we randomly301

sample 65 cases (90% confidence level, 10% mar-302

gin of error) for manual review; 61 cases (93.8%)303

contain valid diagnoses and limitation labels.304

4.2 Taxonomy of Limitations in Existing305

Reasoning Evaluators and Design Insights306

Based on the mismatch-case analysis above, we307

organize the observed evaluator limitations into a308

taxonomy of five limitation categories that cover309

all mismatch cases. These categories are non-310

exclusive, and a single mismatch case may exhibit311

more than one limitation. Table 2 summarizes312

their definitions, along with how each limitation is313

Figure 2: Distribution of five limitation categories
across 1,069 mismatch cases from three evaluation meth-
ods. Background bars show aggregated totals (percent-
ages relative to all cases; categories are non-exclusive).
Foreground bars decompose each category by method.

distributed across evaluators and mismatch types. 314

Fig. 2 visualizes the distribution of limitation anno- 315

tations across the 1,069 mismatch cases, including 316

a breakdown by evaluation method. 317

Evidence-Ungrounded Assessment arises when 318

evaluators score reasoning without verifying claims 319

or assumptions that require external evidence (e.g., 320

repository context, API documentation, or task 321

specifications). Existing evaluators do not support 322

such evidence retrieval and verification, and there- 323

fore tend to accept plausible but unverified reason- 324

ing as correct, which results primarily in missed 325

errors (85.4% of the cases under this limitation). 326

• Insight 1: Evidence-grounded verification. 327

CodeRQ evaluators should retrieve and incor- 328

porate supporting evidence during assessment 329

(e.g., repository context, API documentation, test- 330

s/specifications) and verify whether the reason- 331

ing is consistent with that evidence, rather than 332

scoring based on plausibility alone. 333

Ambiguity Assessment Deficit arises when the 334

underlying coding problem specification is ambigu- 335

ous or underspecified, in which case correct reason- 336

ing should remain conditional or explicitly uncer- 337

tain rather than overly certain. Existing evaluators 338

cannot recognize such ambiguity or assess whether 339

the reasoning responds appropriately to it, and thus 340

often accept overconfident reasoning, resulting pri- 341

marily in missed errors (77.4%). 342

• Insight 2: Ambiguity-aware assessment under 343

underspecification. CodeRQ evaluators should 344

detect ambiguity or underspecification in the task 345

specification and penalize overconfident reason- 346

ing when correctness cannot be established. 347
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Table 2: Taxonomy of existing reasoning-quality evaluator limitations on coding tasks. For each limitation, we
report its definition, the distribution of annotated mismatch cases across evaluators, and the breakdown by error
type. REC., SOCR., and CaSE denote ReCEval, SocREval, and CaSE, respectively; Missed and FA denote missed
errors and false alarms.

Limitation Definition Evaluator
(REC. / SOCR. / CaSE)

Error Type
(Missed / FA)

Evidence-
Ungrounded
Assessment

The evaluator does not ground its assessment in the evidence needed to verify
reasoning correctness in coding tasks, where many claims must be searched and
checked against repository context, API documents, or task specifications.

14.4% / 41.6% / 44.0% 85.4% / 14.6%

Ambiguity
Assessment Deficit

The evaluator cannot determine whether a task is ambiguous or underspecified, nor
assess whether the reasoning handles such ambiguity.

30.2% / 36.5% / 33.3% 77.4% / 22.6%

Score Aggregation
Failure

The evaluator produces an unreliable final score because its scoring rule combines
step-level judgments in a way that either lets one misjudged step override an
otherwise correct trace or allows fatal correctness errors to be diluted by other steps.

70.5% / – / 29.5% 24.7% / 75.3%

Self-Generated
Reference Bias

The evaluator judges reasoning against self-generated references or standards,
creating circular validation in which shared errors or biases are mistaken for
correctness.

– / 100% / – 97.3% / 2.7%

Code-Unaware
Assessment

The evaluator fails to reliably assess code-related reasoning because it cannot
correctly represent or judge code-relevant semantics in the reasoning process.

100% / – / – 9.0% / 91.0%

Score Aggregation Failure occurs in RECEVAL348

and CaSE, where the aggregation of step-level349

scores distorts the final judgment. In RECEVAL,350

min aggregation makes the score overly sensitive351

to a single misjudged step, whereas in CaSE, aver-352

aging can dilute correctness errors across steps.353

Self-Generated Reference Bias occurs in354

SocREVAL, where the evaluator judges reasoning355

against self-generated references, creating a form356

of circular validation in which shared errors or357

biases may be mistaken for correctness. As a result,358

agreement with these references can reflect shared359

mistakes rather than true correctness, leading360

primarily to missed errors (97.3%).361

• Insight 3: Avoid self-referential standards.362

CodeRQ evaluators should avoid using self-363

generated references as the primary standard for364

correctness; instead, they should prefer evidence-365

grounded checks or independently sourced veri-366

fication signals to reduce circular validation and367

shared-error amplification.368

Code-Unaware Assessment occurs in RECE-369

VAL, whose pipeline converts reasoning steps into370

premise–conclusion pairs via semantic role label-371

ing (SRL) (Shi and Lin, 2019) and evaluates en-372

tailment using a natural language inference (NLI)373

model (Laurer et al., 2024). Because these mod-374

els are trained on general natural-language corpora375

and are brittle on code-mixed reasoning, RECE-376

VAL often misinterprets code-related statements377

or entailment relations. As a result, many correct378

reasoning traces are incorrectly flagged, leading379

predominantly to false alarms (91.0%).380

• Insight 4: Code-aware semantic assessment.381

CodeRQ evaluators should incorporate code- 382

aware understanding when assessing reasoning, 383

so that statements about code are evaluated based 384

on the actual semantics and behavior of the code 385

involved. 386

5 Methods 387

5.1 Verified Evaluation of Reasoning with 388

Ambiguity-awareness (VERA) 389

Guided by the four design insights derived in §4.2, 390

we propose VERA, a two-stage automated evalua- 391

tion method for assessing the quality of reasoning 392

in coding tasks. Given a task description q, a rea- 393

soning chain C = (s1, s2, . . . , sn), and a generated 394

output o, VERA produces a quality score in [0, 1] 395

through two stages (Fig. 3). 396

The first stage performs verified reasoning eval- 397

uation: an LLM judge scores the correctness of 398

the reasoning trace, with access to a web search 399

tool that it invokes autonomously when encounter- 400

ing technical claims requiring factual verification, 401

and yields a base score p ∈ [0, 1]. The second 402

stage performs ambiguity-aware score correction: 403

a second LLM judge call assesses the degree of 404

task ambiguity and how appropriately the reason- 405

ing addresses it, producing a penalty δ ≤ 0. The 406

final score is VERA(q, C, o) = max(p + δ, 0), 407

where the max operator ensures that the final score 408

remains in [0, 1]. 409

5.2 Verified Reasoning Evaluation 410

Motivated by prior LLM-as-a-Judge studies (Zheng 411

et al., 2023; Gu et al., 2024b), we use an LLM 412

judge as a starting point for automated reasoning 413

evaluation in this setting. Given a sample (q, C, o), 414

the first stage prompts an LLM judge to assess the 415
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Task Descr ipt ion 
Write a Python function parse_time(s: str) that parses a 
user-provided time string and returns the parsed time.

1. datetime.strptime() is the appropriate standard-library tool for 
parsing time strings.
2. datetime.strptime() can parse most common time formats 
automatically, so a single format string is sufficient here.
3. Returning an ISO 8601 string is the most usable output format 
for parsed time.
4. Since the prompt does not specify the exact output format, 
returning an ISO 8601 string is always the correct choice.

LLM Gener at ed Reasoning Chains 

LLM Gener at ed Code

 Ver if ied Eval uat ion of  Reasoning 
wit h Ambiguit y- awar eness (VERA)

How cor r ect  is t he r easoning chains
evaluate with Verif ied Evidence check:
claim 1:  ... appropriate standard-library tool ... 

...
claim 2: ... parse most common time formats ...

1. Is the task Ambiguity?

2.How good reasoning handle this Ambiguity?
Task: ... returns the parsed time.

Reasoning: ... returning an ISO 8601 
string is always the correct choice.

socr e(  ) : 0 .5

socr e(  ) :  - 0 .2

qual it y socr e =     +      = 0 .3

from datetime import datetime
def parse_time(s: str):
    return datetime.strptime(s).isoformat()

St age2

St age1

Figure 3: Overview of VERA. The left panel shows an input sample with the task description, the LLM-generated
reasoning chain, and the generated code output; the right panel shows the two-stage evaluation process. Orange text
marks Stage 1 evidence-verified claims, producing a base score p, and green text marks Stage 2 ambiguity-related
content, producing a correction term δ. The final score combines p and δ.

overall correctness of the reasoning chain C, focus-416

ing on whether the reasoning captures the technical417

requirements of the task, makes technically sound418

claims, and supports an output that correctly ad-419

dresses the problem, in line with Insight 4 (§4.2).420

The full evaluation prompt and rubric are provided421

in Appx. C.1.422

To reduce reliance on the judge’s parametric423

knowledge, the judge is given access to a search424

tool that invokes autonomously during evaluation,425

in line with Insights 1 and 3 (§4.2). When the rea-426

soning chain contains verifiable technical claims,427

such as the behavior of a standard library function428

or the documented behavior of a framework com-429

ponent, the judge issues a search query to retrieve430

external evidence before rendering its judgment.431

The retrieved evidence is then used in the subse-432

quent evaluation, allowing the judge to compare433

the claim against external sources before produc-434

ing its final score. This mechanism shifts evalu-435

ation from pure plausibility-based assessment to-436

ward evidence-grounded verification; its empirical437

effect is measured via an ablation study in §6.2.1.438

The judge produces an integer score r ∈ [1, 10]439

according to a rubric with anchored descriptions440

ranging from fundamentally incorrect reasoning441

(r=1) to fully correct reasoning, with verifiable442

claims correctly supported when applicable (r=10).443

The base score is obtained by normalizing to the444

unit interval: p = r−1
9 .445

5.3 Ambiguity-Aware Score Correction446

The base score p from Stage 1 evaluates whether447

the reasoning is correct and, when needed, grounds448

this judgment in verifiable evidence. However, like449

existing reasoning evaluators, it does not assess450

whether the task itself is ambiguous, nor whether 451

the reasoning appropriately responds to such am- 452

biguity. Stage 2 addresses this limitation by eval- 453

uating both the degree of task ambiguity and the 454

quality of ambiguity handling, and applies a penalty 455

when ambiguity is handled poorly, in line with In- 456

sight 2 (§4.2). 457

In Stage 2, we also use an LLM judge to pro- 458

duce two judgments for each sample (q, C, o): an 459

ambiguity level a ∈ [0, 1], measuring how under- 460

specified the task q is, and a handling quality score 461

h ∈ [0, 1], measuring how appropriately the rea- 462

soning chain C handles that ambiguity. Both are 463

elicited in a single call to ensure that they are as- 464

sessed under the same interpretation of the instance. 465

The full prompt and calibrated rubrics are provided 466

in Appx. C.2. 467

The two scores are combined into a penalty δ: 468

δ =

{
a ·min(2h− 1, 0), if a ≥ τ,

0, otherwise,
469

where τ is a threshold on the ambiguity level. The 470

transformation 2h−1 recenters h so that h=0.5 471

serves as the neutral point, while h<0.5 maps to a 472

negative value. The min(·, 0) operator ensures that 473

δ ≤ 0: good ambiguity handling prevents penalty 474

but does not inflate the score beyond what the cor- 475

rectness assessment already warrants. Scaling by 476

a makes the penalty magnitude proportional to the 477

degree of ambiguity. τ is set to 0.4; a sensitivity 478

analysis is provided in Appx. D.4. 479

6 Experiments 480

6.1 Experimental Setup 481

Methods Compared. We compare VERA 482

against six representative reasoning evaluation 483
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Table 3: Performance of VERA and six baselines on the four CodeRQ-Bench datasets, evaluated using Somers’ D,
Spearman’s ρ, AUCROC, and AUPRC (↑ higher is better). Best results highlighted in bold.

Method CoderEval-RE (Generation) SWEbench-RE (Generation)

Somers’ D ↑ Spearman’s ρ ↑ AUCROC ↑ AUPRC ↑ Somers’ D ↑ Spearman’s ρ ↑ AUCROC ↑ AUPRC ↑

RECEVAl 0.1255 0.1000 (p=0.1308) 0.5627 0.3516 0.0878 0.0596 (p=0.5344) 0.5439 0.2125
SOCREVAl 0.1399 0.1248 (p=0.0588) 0.5700 0.3410 0.1556 0.1830 (p=0.0545) 0.5778 0.2165
CaSE 0.0368 0.0392 (p=0.5543) 0.5184 0.3131 -0.0243 -0.0588 (p=0.5400) 0.4878 0.1855
MAD∗ -0.0408 -0.0480 (p=0.4684) 0.4796 0.2963 -0.0746 -0.0644 (p=0.5019) 0.4627 0.1785
LLM-as-Judge 0.0864 0.1077 (p=0.1032) 0.5432 0.3252 0.0222 0.0280 (p=0.7707) 0.5111 0.1924
AutoRace∗ 0.0178 0.0146 (p=0.8253) 0.5089 0.3359 0.0344 0.0247 (p=0.7972) 0.5172 0.2114
VERA (Ours) 0.3811 0.3076 (p<0.0001) 0.6905 0.4615 0.2799 0.1947 (p=0.0406) 0.6399 0.3058

Method ClassEval-RE (Summarization) DebugBench-RE (Classification)

Somers’ D ↑ Spearman’s ρ ↑ AUCROC ↑ AUPRC ↑ Somers’ D ↑ Spearman’s ρ ↑ AUCROC ↑ AUPRC ↑

RECEVAl -0.0218 -0.0150 (p=0.8613) 0.4891 0.8239 -0.0896 -0.0758 (p=0.2306) 0.4552 0.5844
SOCREVAl 0.1680 0.1814 (p=0.0330) 0.5840 0.8345 0.1819 0.1958 (p=0.0018) 0.5909 0.6566
CaSE 0.0397 0.0582 (p=0.4960) 0.5198 0.8120 0.3538 0.3402 (p<0.0001) 0.6769 0.7431
MAD∗ 0.2209 0.1588 (p=0.0619) 0.6104 0.8494 -0.0166 -0.0197 (p=0.7557) 0.4917 0.6192
LLM-as-Judge -0.0089 -0.0418 (p=0.6252) 0.4955 0.8044 0.0530 0.0471 (p=0.4569) 0.5265 0.6262
AutoRace∗ 0.2500 0.1905 (p=0.0247) 0.6250 0.8502 0.2063 0.1772 (p=0.0048) 0.6032 0.7142
VERA (Ours) 0.4180 0.3085 (p=0.0002) 0.7090 0.8869 0.4351 0.3845 (p<0.0001) 0.7176 0.7939

baselines. RECEVAL (Prasad et al., 2023) is484

a step-level evaluator that measures intra-step485

correctness, inter-step correctness, and informa-486

tiveness, and aggregates them into chain-level487

scores. SOCREVAL (He et al., 2024) is a488

Socratic-prompting-based LLM judge that assigns489

a discrete overall score to the full reasoning490

trace. CaSE (Do et al., 2025) is a causal stepwise491

evaluator that scores each reasoning step in492

terms of relevance and coherence using only493

its preceding context. LLM-as-Judge (Zheng494

et al., 2023) is a vanilla LLM-based evaluator that495

directly assigns an overall quality score to the496

reasoning trace. MAD∗ (Zhang et al., 2025) is497

adapted from MAD, a debate-based framework for498

detecting low-quality reasoning, with its original499

binary output converted into a continuous score500

in [0, 1] for comparison. AutoRace∗ (Hao et al.,501

2024) is adapted from AutoRace, a task-adaptive502

automated reasoning evaluation framework that503

induces task-specific criteria from example504

incorrect reasoning chains and then uses an505

LLM judge for assessment, with its original506

binary output converted into a continuous score507

in [0, 1] for comparison. Since MAD∗ relies on508

role-based debate and AutoRace∗ depends on509

induced task-specific criteria rather than fixed510

evaluator formulations, we do not include them in511

the limitation analysis in §4.2. Additional details512

of the baseline methods are provided in Appx. D.1.513

Evaluation Metrics. We evaluate each reason-514

ing evaluator using rank-based and discrimina-515

tive metrics: Somers’ D (Somers, 1962), Spear- 516

man’s ρ (Spearman, 1961), AUCROC (Green et al., 517

1966), and AUPRC (Davis and Goadrich, 2006). 518

Together, these metrics assess both ranking quality 519

and discriminative ability. Full details are provided 520

in Appx. D.2. 521

Implementation Details. RECEVAL is imple- 522

mented following its original configuration with 523

three dimensions averaged into a unified score. 524

SOCREVAL and CaSE use GPT-4 by default 525

and GPT-4.1 on SWEbench-RE due to context 526

length limits. VERA, MAD∗, LLM-as-Judge, and 527

AutoRace∗ use GPT-4o-mini for cost efficiency. 528

VERA uses τ = 0.4 based on the sensitivity study 529

in Appx. D.4, and all outputs are normalized to 530

[0, 1]. To ensure the robustness of our findings, we 531

repeat each experiment three times and report the 532

average performance. Full details are in Appx. D.3. 533

6.2 Results 534

Cross-dataset comparison and the value of 535

CodeRQ-Bench. Table 3 reports Somers’ D and 536

Spearman’s ρ measuring the association between 537

predicted scores and ground-truth correctness la- 538

bels, respectively. AUCROC measures the prob- 539

ability that a correct reasoning trace receives a 540

higher score than an incorrect one, while AUPRC 541

is particularly informative under class imbalance. 542

The results show that baseline performance 543

varies across coding settings. SOCREVAL is the 544

strongest baseline on the two generation-oriented 545

datasets, but this advantage does not generalize to 546
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summarization and classification tasks. CaSE be-547

comes more competitive on bug detection, whereas548

MAD∗ and AutoRace∗ perform relatively bet-549

ter on code summarization than on generation.550

These shifts indicate that conclusions drawn from551

generation-only benchmarks provide an incomplete552

view of evaluator performance.553

Notably, even VERA does not achieve uniform554

performance across settings, underscoring the need555

for evaluation beyond generation-only benchmarks.556

Overall, these results highlight the importance of557

CodeRQ-Bench’s broad task coverage for assessing558

reasoning evaluators in coding tasks.559

Overall performance of VERA. Table 3 shows560

that VERA consistently achieves the best perfor-561

mance across all four datasets and all evaluation562

metrics, indicating substantially stronger alignment563

with reasoning correctness in both rank consis-564

tency and discriminative ability. The gains are565

particularly pronounced on the generation-oriented566

datasets. On CoderEval-RE, Somers’ D increases567

from 0.1399 to 0.3811 and AUCROC from 0.5700568

to 0.6905; on SWEbench-RE, Somers’ D improves569

from 0.1556 to 0.2799 and AUPRC from 0.2165 to570

0.3058. These results suggest that existing evalua-571

tors are particularly limited when reasoning makes572

factual claims about code behavior, API usage, or573

library semantics that cannot be verified from the574

reasoning text alone.575

A similar advantage holds on ClassEval-RE576

(0.4180 Somers’ D, 0.7090 AUCROC) and577

DebugBench-RE (0.4351 Somers’ D, 0.7176 AU-578

CROC), where CaSE is the strongest baseline yet579

still falls below VERA on all metrics, indicating580

that step-level relevance and coherence alone are581

insufficient for accurate reasoning evaluation.582

LLM-as-Judge yields modest and sometimes un-583

stable performance, including negative rank cor-584

relations on some datasets. MAD∗ is relatively585

competitive on ClassEval-RE (0.2209 Somers’ D,586

0.6104 AUCROC) but performs poorly on the gen-587

eration and bug detection datasets. Together, these588

results show that strong reasoning evaluation does589

not emerge from a general-purpose LLM judge590

or debate-based procedure alone; it requires a de-591

sign that explicitly accounts for evidence ground-592

ing and task ambiguity. Notably, despite using593

the more economical GPT-4o-mini, VERA outper-594

forms GPT-4-based baselines by a large margin,595

confirming that the gains stem from the evaluation596

design rather than model size.597

6.2.1 Ablation Study 598

Table 4: Ablation study of VERA on four CodeRQ-
Bench datasets, including two ablated variants: w/o
verif. (without evidence verification) and w/o ambig.
(without ambiguity-aware correction).

Dataset Method Somers’ D ↑ Spearman’s ρ ↑ AUCROC ↑ AUPRC ↑

CoderEval-RE
(Generation)

VERA (Ours) 0.3811 0.3076 (p<0.0001) 0.6905 0.4615
w/o verif. 0.2945 0.2369 (p=0.0003) 0.6472 0.4356
w/o ambig. 0.3216 0.2658 (p<0.0001) 0.6608 0.4364

SWEbench-RE
(Generation)

VERA (Ours) 0.2799 0.1947 (p=0.0406) 0.6399 0.3058
w/o verif. -0.0376 -0.0261 (p=0.7855) 0.4812 0.1842
w/o ambig. 0.2571 0.1796 (p=0.0593) 0.6286 0.3012

ClassEval-RE
(Summarization)

VERA (Ours) 0.4180 0.3085 (p=0.0002) 0.7090 0.8869
w/o verif. 0.2622 0.1984 (p=0.0192) 0.6311 0.8561
w/o ambig. 0.4134 0.3051 (p=0.0003) 0.7067 0.8864

DebugBench-RE
(Classification)

VERA (Ours) 0.4351 0.3845 (p<0.0001) 0.7176 0.7939
w/o verif. 0.3440 0.3094 (p<0.0001) 0.6720 0.7575
w/o ambig. 0.4184 0.3725 (p<0.0001) 0.7092 0.7887

Table 4 reports two ablated variants: w/o verif., 599

in which the Stage 1 evaluator judges reasoning 600

correctness without externally verifying verifiable 601

technical claims, and w/o ambig., which removes 602

the ambiguity-aware correction. Both consistently 603

underperform the full model, confirming that each 604

component is necessary. Removing evidence verifi- 605

cation causes the largest degradation, particularly 606

on the generation-oriented datasets: Somers’ D 607

drops from 0.3811 to 0.2945 on CoderEval-RE and 608

from 0.2799 to −0.0376 on SWEbench-RE, with 609

similar trends on ClassEval-RE and DebugBench- 610

RE. This identifies evidence verification as the 611

dominant driver of improvement, especially when 612

reasoning makes factual claims about code be- 613

havior, API usage, or library semantics that re- 614

quire external grounding to assess. Removing 615

ambiguity-aware correction yields a smaller but 616

consistent drop, most visible on the generation- 617

oriented datasets where task requirements are more 618

often underspecified. Its impact on ClassEval-RE 619

and DebugBench-RE is marginal, confirming that 620

this component provides complementary benefits 621

primarily under ambiguous task conditions. 622

7 Conclusion 623

We introduce CodeRQ-Bench and analyze 1,069 624

mismatches from existing reasoning-quality eval- 625

uators, deriving four design insights. Next, we 626

propose VERA, a two-stage evaluator combin- 627

ing evidence-grounded verification with ambiguity- 628

aware score correction. Our results show that 629

VERA outperforms baselines across four datasets, 630

highlighting the need for both broader benchmarks 631

and evaluation methods beyond plausibility-based 632

judgment to reliably assess reasoning in coding. 633
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Limitations634

Despite its contributions, this work has certain lim-635

itations. Although CodeRQ-Bench provides broad636

coverage across generation, summarization, and637

classification tasks, the current benchmark still fo-638

cuses on relatively controlled evaluation settings639

and does not yet fully capture more realistic coding640

workflows, such as tool-integrated problem solv-641

ing, interactive debugging, and richer long-context642

repository reasoning. Future work can extend the643

benchmark to these broader settings, enabling more644

comprehensive evaluation of reasoning quality in645

coding tasks.646

Ethical considerations647

This work adheres to ethical standards emphasizing648

transparency, reliability, and privacy in reasoning-649

quality evaluation for coding tasks. By openly re-650

leasing CodeRQ-Bench, reporting our empirical651

analysis of existing evaluator limitations, and in-652

troducing VERA, this work provides a standard-653

ized foundation for advancing more reliable assess-654

ment of LLM reasoning in coding tasks. All bench-655

mark instances are derived from publicly available656

datasets and contain no personally identifiable in-657

formation. External models and APIs are used in658

accordance with their respective terms of service.659

Additionally, we used ChatGPT exclusively to im-660

prove minor grammar in the final manuscript text.661

Broader Impacts662

The benchmark and evaluator proposed in this pa-663

per provide a benchmark foundation for reasoning-664

quality evaluation in coding tasks. By standardiz-665

ing the evaluation setting and moving beyond final-666

output correctness, this work supports progress667

in reliable coding assistants, reasoning evaluation668

methods, and trustworthy LLM research for soft-669

ware engineering. The benchmark promotes trans-670

parency, reproducibility, and further innovation,671

ultimately contributing to more reliable and respon-672

sible use of LLMs in coding-related applications.673
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Supplementary Material939

A CodeRQ-Bench’s Dataset Details940

A.1 CoderEval-RE and SWEbench-RE941

Zhang et al. (Zhang et al., 2025) evaluate three942

LLMs on CoderEval (Yu et al., 2024) and SWE-943

bench (Jimenez et al., 2024), providing expert944

annotations that verify the correctness of LLM-945

generated reasoning traces.946

Due to the partial release of the original experi-947

mental data, we use the expert-annotated reasoning948

traces generated by DeepSeek-R1 (Guo et al., 2025)949

to ensure the completeness and reproducibility of950

our baseline.951

CoderEval-RE CoderEval (Yu et al., 2024) is952

a benchmark designed for pragmatic code genera-953

tion, containing real-world coding tasks extracted954

from open-source projects. CoderEval-RE extends955

this benchmark with reasoning trace annotations,956

enabling evaluation of the logical correctness of957

LLM reasoning processes during code generation.958

SWEbench-RE SWE-bench (Jimenez et al.,959

2024) consists of real GitHub issues and their corre-960

sponding pull requests from popular Python repos-961

itories. SWEbench-RE augments this benchmark962

with expert-annotated reasoning traces, allowing as-963

sessment of whether LLMs reason correctly when964

resolving software engineering tasks.965

A.2 ClassEval-RE Dataset Details966

A.2.1 Source Dataset - Modified-ClassEval967

ClassEval (Du et al., 2023) is a class-level Python968

code generation benchmark consisting of 100 man-969

ually constructed class-level programming tasks,970

covering 100 classes and 410 methods. Modified-971

ClassEval adapts this benchmark for the code sum-972

marization setting by extracting the contextual973

information, function implementation, and cor-974

responding natural language summary for each975

method.976

A.2.2 Construction Details977

To construct ClassEval-RE, we first filtered the 410978

methods to remove cases containing fewer than979

five lines of code, as such trivial implementations980

typically do not require substantial reasoning for981

summarization. This filtering step resulted in a982

pool of 282 candidate methods. From this pool,983

we randomly sampled instances using a confidence984

level of 90% and a margin of error of 5%, yielding985

a final dataset of 139 methods. For the sampled 986

instances, we use GPT-4o to generate reasoning 987

traces. The correctness of these reasoning traces is 988

then annotated by three expert annotators following 989

the annotation process described in § 3.3. 990

A.2.3 Annotation Rules 991

Table A1 summarizes the dimension-specific anno- 992

tation rules for ClassEval-RE. 993

Table A1: Annotation rules for ClassEval-RE (Code
Summarization) across four evaluation dimensions.

Dimension: Comprehension

R1 The reasoning must correctly identify the input parame-
ters and return values of the code.

R2 The reasoning must accurately trace the control flow
(loops, conditionals, branches) of the code.

R3 The reasoning must correctly interpret the operations
performed on data structures.

R4 The reasoning must not attribute functionality that does
not exist in the code.

Dimension: Analysis

R1 The reasoning must correctly map variable names and
function calls to their semantic roles.

R2 The reasoning must abstract implementation details to
appropriate conceptual descriptions.

R3 The reasoning must correctly identify the algorithmic
or design pattern employed in the code.

Dimension: Conclusion

R1 The reasoning must address the primary functionality
of the code.

R2 The reasoning must cover all significant code branches
and edge cases that affect the summary.

R3 The reasoning must not include irrelevant analysis that
does not contribute to understanding the code’s purpose.

Dimension: Consistency

R1 The reasoning must not contain self-contradictory state-
ments about code behavior.

R2 Each reasoning step must logically follow from the
previous step or from the code itself.

R3 The final summary must be logically derivable from the
reasoning steps presented.

A.3 DebugBench-RE Dataset Details 994

A.3.1 Source Dataset - DebugBench 995

DebugBench (Tian et al., 2024) is a bug detection 996

benchmark composed of LeetCode-style code snip- 997

pets in which bugs are injected using GPT-4 and 998

subsequently verified by both human annotators 999

and LLMs. The dataset contains both correct and 1000

buggy programs spanning four bug categories: syn- 1001
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tax errors, reference errors, logic errors, and mul-1002

tiple errors (a combination of the previous three1003

categories).1004

A.3.2 Construction Details1005

To construct DebugBench-RE, we filtered the1006

dataset to remove instances labeled solely as syntax1007

errors, as detecting syntax errors is largely trivial1008

and does not require substantive reasoning. After1009

filtering, 3,492 instances remained. From this pool,1010

we randomly sampled examples using a confidence1011

level of 90% and a margin of error of 5%, resulting1012

in a final dataset of 252 methods, consisting of 1261013

bug-free and 126 buggy programs. For the sampled1014

instances, we use GPT-4o to generate reasoning1015

traces. The correctness of these reasoning traces is1016

then annotated by three expert annotators following1017

the annotation process described in § 3.3.1018

A.3.3 Annotation Rules1019

Table A2 summarizes the dimension-specific anno-1020

tation rules for DebugBench-RE.1021

B Additional Details of Limitation1022

Analysis1023

B.1 Implementation Details of the Limitation1024

Analysis Pipeline1025

B.1.1 Diagnostic Annotation1026

We use GPT-5.2 to generate diagnostic annotations1027

for mismatch cases. The model is provided with1028

the original task, the LLM-generated reasoning1029

chain and final output, and the evaluator’s detailed1030

assessment outputs for that reasoning. The diag-1031

nostic annotation stage uses two prompt variants1032

corresponding to the two mismatch types defined1033

in § 4.1: missed errors and false alarms.1034

Prompt for Missed Errors This prompt is used1035

for mismatch cases in which the evaluator assigns1036

a high score to reasoning that is actually incorrect.1037

The full prompt is shown in Table A3.1038

Prompt for False Alarms This prompt is used1039

for mismatch cases in which the evaluator assigns a1040

low score to reasoning that is actually correct. The1041

full prompt is shown in Table A4.1042

B.1.2 Open-Coded Limitation Label1043

Extraction1044

In the second stage of the pipeline, we use GPT-5.21045

to extract open-coded limitation labels from the1046

diagnostic annotations generated in the previous1047

Table A2: Annotation rules for DebugBench-RE (Bug
Detection) across four evaluation dimensions.

Dimension: Comprehension

R1 The reasoning must correctly identify parameters, their
types (if inferable), and their roles where bugs are iden-
tified.

R2 The reasoning must correctly identify the return
value(s), including affected conditionals where bugs
are identified.

R3 The reasoning must correctly describe how bug-related
data structures (e.g., lists, maps, trees) are read, modi-
fied, or traversed.

Dimension: Analysis

R1 All bugs that affect observable behavior must be ac-
knowledged.

R2 The reasoning must correctly describe the execution
order of conditionals, loops, and function calls.

R3 The reasoning must not describe conditionals that are
unreachable or nonexistent in the code.

R4 The reasoning must not misattribute algorithmic behav-
ior (e.g., sorting, filtering) where it does not occur.

Dimension: Conclusion

R1 The reasoning must make a single, unambiguous verdict
and bind it to the analyzed defect site(s).

R2 The reasoning must not rely on unstated assumptions
about specifications, libraries, or inputs.

Dimension: Consistency

R1 The reasoning must not contain statements that contra-
dict earlier claims.

R2 Terminology and abstraction levels must remain consis-
tent throughout the explanation.

R3 The same code element must not be assigned conflicting
roles.

R4 No conclusions may be drawn without sufficient ground-
ing in the code.

stage. These labels are intended to capture the spe- 1048

cific failure modes reflected in each mismatch case 1049

before taxonomy consolidation into higher-level 1050

categories. The full prompt is shown in Table A5. 1051

B.1.3 Taxonomy Consolidation 1052

In the third stage of the pipeline, we consolidate 1053

the open-coded limitation labels into higher-level 1054

limitation categories. This stage follows a two- 1055

step process: embedding-based pre-clustering us- 1056

ing text-embedding-3-large, followed by tax- 1057

onomy consolidation using GPT-5.2. The pre- 1058

clustering step groups semantically similar labels 1059

before GPT-based consolidation into the final tax- 1060

onomy. The full prompt for taxonomy consolida- 1061

tion is shown in Table A6. 1062
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PROMPT TEMPLATE: DIAGNOSTIC ANNOTATION FOR MISSED ERRORS

You are an expert analyzing why the reasoning evaluation method {method_name} produces
scores/conclusions that significantly differ from human evaluation when assessing LLM-generated
reasoning.

## Background
This is a case where {method_name} gave a high score, but the reasoning is actually incorrect
(human label = 0). Your task is NOT to judge whether the LLM’s reasoning is correct (this is
already determined by human annotation). Instead, analyze what content the evaluation method
{method_name} failed to assess in this LLM-generated reasoning, causing it to give a high
score while human annotators marked it as incorrect.

## {method_name} Evaluation Method Details
{method_description}

## Case Content
{case_content}

## Your Analysis Task
The "Execution Log" section above shows the actual intermediate outputs from the {method_name}
pipeline for this case. Use this evidence to pinpoint exactly where and why the evaluation
failed. Specifically:
1. Identify which specific component/step in the pipeline produced the erroneous signal (e.g.,
which SRL parse was wrong, which NLI judgment was incorrect, which dimension scored too high,
or how the self-generated reference was flawed).
2. Explain the root cause: why did that component fail on this particular input?
3. What capability is missing from {method_name} that would be needed to correctly evaluate
this case?

Table A3: Prompt template used to generate diagnostic annotations for missed-error cases, where the evaluator
assigns a high score to reasoning that is actually incorrect. Here, {case_content} includes the original task, the
LLM-generated reasoning chain and final output, and, the execution log containing the evaluator’s intermediate
assessment outputs. Text in blue braces denotes dynamic variables.

C Additional Details of VERA1063

C.1 Prompt for Verified Reasoning Evaluation1064

Table A7 presents the prompt template used in1065

the first stage of VERA. Given a coding-task de-1066

scription, an LLM-generated reasoning chain, and1067

the corresponding output, this prompt instructs the1068

evaluator to assess the overall correctness of the1069

reasoning process. When technical claims require1070

external verification, the evaluator is allowed to1071

consult web search for evidence grounding. The1072

returned score is an integer from 1 to 10, which is1073

later normalized to [0, 1] as described in § 5.1074

C.2 Prompt for Ambiguity-Aware Score1075

Correction1076

Table A8 presents the prompt template used in the1077

second stage of VERA. Given the task description,1078

the reasoning chain, and the generated output, the1079

evaluator estimates two quantities: the ambiguity1080

level of the task and the quality of the model’s1081

uncertainty handling. These two scores are then 1082

used to compute the ambiguity-aware correction 1083

term described in § 5. 1084

D Additional Details of Experiment 1085

D.1 Baseline Methods 1086

RECEVAL RECEVAL (Reasoning Chain Evalu- 1087

ation) (Prasad et al., 2023) is a reference-free frame- 1088

work for evaluating multi-step reasoning chains, 1089

originally developed for tasks such as deductive 1090

reasoning, mathematical word problems, and dis- 1091

crete reading comprehension. It conceptualizes 1092

a reasoning chain as an informal proof and de- 1093

composes each step into fine-grained Reasoning 1094

Content Units (RCUs) using semantic role label- 1095

ing. The method evaluates reasoning along two 1096

primary dimensions, correctness and informative- 1097

ness: correctness is measured through both intra- 1098

step and inter-step logical consistency using natural 1099

language inference, while informativeness is quan- 1100
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PROMPT TEMPLATE: DIAGNOSTIC ANNOTATION FOR FALSE ALARMS

You are an expert analyzing why the reasoning evaluation method {method_name} produces
scores/conclusions that significantly differ from human evaluation when assessing LLM-generated
reasoning.

## Background
This is a case where {method_name} gave a low score, but the reasoning is actually correct
(human label = 1). Your task is NOT to judge whether the LLM’s reasoning is correct (this is
already determined by human annotation). Instead, analyze what content the evaluation method
{method_name} may have incorrectly penalized in this LLM-generated reasoning, causing it to
give a low score while human annotators marked it as correct.

## {method_name} Evaluation Method Details
{method_description}

## Case Content
{case_content}

## Your Analysis Task
The "Execution Log" section above shows the actual intermediate outputs from the {method_name}
pipeline for this case. Use this evidence to pinpoint exactly where and why the evaluation
failed. Specifically:
1. Identify which specific component/step in the pipeline produced the erroneous signal (e.g.,
which step was the bottleneck, which SRL parse was malformed, which NLI score was unreasonably
low, or which dimension was incorrectly penalized).
2. Explain the root cause: why did that component fail on this particular input?
3. What are the characteristics of this correct reasoning that confused the {method_name}
evaluator?

Table A4: Prompt template used to generate diagnostic annotations for false-alarm cases, where the evaluator assigns
a low score to reasoning that is actually correct. Here, {case_content} includes the original task, the LLM-generated
reasoning chain and final output, and, when available, the execution log containing the evaluator’s intermediate
assessment outputs. Text in blue braces denotes dynamic variables.

tified by pointwise V-information to capture each1101

step’s information gain toward the final answer. In1102

its original form, RECEVAL outputs continuous1103

chain-level scores for these dimensions by applying1104

minimum-pooling aggregation over step-level eval-1105

uations, where correctness is a probability in (0, 1)1106

and informativeness is an unbounded real-valued1107

score.1108

SOCREVAL SOCREVAL (Socratic Method-1109

Inspired Reasoning Evaluation) (He et al., 2024) is1110

a reference-free framework for assessing machine-1111

generated reasoning chains without model fine-1112

tuning or human-written references. It uses large1113

language models prompted with Socratic princi-1114

ples, including Definition, Maieutics, and Dialectic,1115

to guide qualitative evaluation of reasoning. The1116

evaluator first generates its own response to the1117

input prompt, then analyzes the candidate reason-1118

ing chain, and finally assigns an overall reasoning-1119

quality judgment. The original method outputs a1120

discrete score from 1 to 5 and was developed and 1121

validated on a range of general reasoning tasks, 1122

including arithmetic reasoning, deductive and com- 1123

monsense inference, and discrete reasoning over 1124

paragraphs. 1125

CaSE CaSE (Causal Stepwise Evaluation) (Do 1126

et al., 2025) is a step-level framework for reason- 1127

ing evaluation, originally developed for mathemat- 1128

ical problem-solving tasks. To reduce hindsight 1129

bias and better reflect autoregressive reasoning gen- 1130

eration, it evaluates each intermediate step using 1131

only the original question and the preceding con- 1132

text available before that step. The method assesses 1133

reasoning mainly along two dimensions, relevance 1134

and coherence, where relevance measures whether 1135

a step is grounded in the problem and coherence 1136

measures whether it logically follows from prior 1137

steps. In its original form, CaSE outputs explicit bi- 1138

nary judgments (0 or 1) for each reasoning step on 1139

these dimensions, providing localized fine-grained 1140
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PROMPT TEMPLATE: OPEN-CODED LIMITATION LABEL EXTRACTION

You are analyzing a case in which {method_name}, an evaluation method for assessing
LLM-generated reasoning on coding tasks, produced an assessment that is misaligned with the
actual correctness of the reasoning.

## Mismatch Type: {mismatch_type}
{mismatch_description}

## Diagnostic Annotation
The following diagnostic annotation explains why {method_name} failed on this case:
{annotation}

## Task
Based on the diagnostic annotation above, extract 2–4 limitation labels that describe why
{method_name} failed in this case.

Key question: What limitation caused {method_name} to make this misjudgment?

## Requirements
- Derive the labels directly from the diagnostic annotation
- Each label should contain 2–5 words, written in lowercase with underscores
- Focus on limitations in evaluating LLM-generated reasoning for coding tasks
- Do not use overly generic labels that could apply to any evaluation error

Return JSON:
{{"limitations": ["label1", "label2", ...]}}

Table A5: Unified prompt template used to extract open-coded limitation labels from diagnostic annotations
in the second stage of the pipeline. Here, {method_name} denotes the evaluation method being analyzed;
{mismatch_type} denotes the mismatch type of the case, whose value is either missed errors or false alarms;
{mismatch_description} provides the corresponding textual description of that mismatch type; and {annotation}
denotes the diagnostic annotation generated in the previous stage for the case. The prompt returns 2–4 limitation
labels in JSON format. Text in blue braces denotes dynamic variables.

evaluations rather than a single holistic score.1141

MAD MAD (Multi-Agent Debate) is adapted by1142

Zhang et al. (Zhang et al., 2025) for detecting low-1143

quality reasoning through structured multi-agent1144

debate. In this setup, a verifier raises potential logi-1145

cal flaws in a candidate reasoning chain, a defender1146

responds with counterarguments and supporting1147

evidence, and an arbiter evaluates the rationality1148

of the debate outcome. The original method pro-1149

duces a final binary decision after a fixed number1150

of debate rounds.1151

LLM-as-Judge LLM-as-Judge (Zheng et al.,1152

2023) is a general evaluation paradigm that uses1153

strong large language models to assess the quality1154

of candidate responses across diverse tasks, includ-1155

ing coding and mathematical reasoning. It supports1156

both pairwise comparison and direct scoring; in the1157

latter setting, the judge assigns a score, typically1158

with a textual explanation. In our experiments, we1159

use it as a vanilla LLM-based evaluator for overall 1160

reasoning quality assessment. 1161

AutoRace AutoRace (Hao et al., 2024) is a fully 1162

automated framework for evaluating step-by-step 1163

reasoning chains, originally developed for mathe- 1164

matical, commonsense, and logical reasoning tasks. 1165

It operates by first inducing task-specific evaluation 1166

criteria from collected incorrect reasoning chains, 1167

using a LLM to identify and summarize common 1168

error patterns. The resulting criteria are then used 1169

to guide detailed evaluation of a candidate reason- 1170

ing chain. Since these criteria are generated dy- 1171

namically for each task, the evaluation dimensions 1172

are task-adaptive rather than fixed, and the original 1173

method outputs a binary judgment for the overall 1174

reasoning process. 1175

D.2 Evaluation Metrics 1176

Somers’ D and Spearman’s ρ, both defined in 1177

[−1, 1], measure the ordinal and monotonic asso- 1178
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Figure A1: Threshold sensitivity analysis for the ambi-
guity threshold τ in VERA.

ciation between predicted scores and ground-truth1179

correctness labels, respectively. AUCROC mea-1180

sures the probability that a correct reasoning trace1181

receives a higher score than an incorrect one, while1182

AUPRC is particularly informative under class im-1183

balance.1184

D.3 Implementation Details1185

We follow the original configurations of all base-1186

lines whenever possible. RECEVAL retains its orig-1187

inal correctness scores, with informativeness nor-1188

malized to [0, 1] before averaging the three reported1189

dimensions into a unified score. SOCREVAL1190

and CaSE use GPT-4 by default and GPT-4.1 on1191

SWEbench-RE due to context length limits.1192

VERA, MAD∗, LLM-as-Judge, and AutoRace∗1193

are all instantiated with GPT-4o-mini for fair com-1194

parison. Each MAD debate runs for three rounds.1195

For AutoRace∗, we first collect incorrect reasoning1196

examples using Qwen-2.5 with manual verifica-1197

tion, and then use GPT-4o-mini for both criteria1198

induction and final evaluation.1199

VERA uses τ = 0.4, selected based on the1200

threshold sensitivity study in Appx. D.4. All base-1201

line outputs are normalized to [0, 1] for compara-1202

bility.1203

D.4 Threshold Sensitivity of the Ambiguity1204

Correction1205

We analyze the sensitivity of VERA to the am-1206

biguity threshold τ used in the ambiguity-aware1207

correction module. To do so, we vary τ from 0.0 to1208

1.0 and evaluate the resulting performance on all1209

four datasets using the same metrics as in the main1210

experiments.1211

Fig. A1 summarizes the results. Overall, VERA1212

achieves the strongest average performance around 1213

τ = 0.4, which we therefore use in all experiments. 1214

Smaller values make ambiguity-aware correction 1215

overly aggressive, whereas larger values make it 1216

too conservative. The effect is more pronounced 1217

on the generation-oriented datasets, while the sum- 1218

marization and bug detection datasets are relatively 1219

less sensitive to the threshold. 1220
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PROMPT TEMPLATE: TAXONOMY CONSOLIDATION

You are given {num_pcs} label clusters (called "preclusters") that describe mismatch patterns
of automated methods for evaluating Chain-of-Thought reasoning in coding tasks.

These preclusters were extracted from 1,069 mismatch cases across three coding tasks
(code generation, code summarization, bug detection) and three evaluation methods (CaSE,
ReCEval, SocREval). Each precluster name describes a specific way an evaluation method
mismatches—either by missing an error in reasoning or by falsely flagging correct reasoning.

## All {num_pcs} Preclusters (sorted by frequency):
{formatted_preclusters}

## Your Task
Group these {num_pcs} preclusters into categories that are strictly MECE (Mutually Exclusive
and Collectively Exhaustive).

### MECE Requirements
Mutually Exclusive means:
- For ANY given precluster, there must be exactly ONE category it belongs to—no ambiguity.
- Two categories X and Y are mutually exclusive if and only if: there is NO conceivable
mismatch instance that could be equally well described by both X and Y.
- Conceptual test: If someone describes a mismatch and you cannot decide whether it is X or
Y, then X and Y are NOT mutually exclusive and must be merged or re-divided along a clearer
fault line.

Collectively Exhaustive means:
- Every single one of the {num_pcs} preclusters must fit into exactly one category.
- No residual "other" or "miscellaneous" category.

### What NOT to do
- Do NOT create categories based on evaluation method names (CaSE, ReCEval, SocREval)—categories
should describe the nature of the mismatch, not which tool has it.
- Do NOT create categories that are subsets of other categories.
- Do NOT create categories that have causal relationships (e.g., "shallow analysis" causing
"logic errors")—if A commonly causes B, they are not independent dimensions and need rethinking.

### Instructions
1. First, read through all {num_pcs} preclusters and identify the natural fault lines.
2. Propose categories. For each category, provide:
- A clear name (2–5 words, lowercase_with_underscores)
- A precise definition (1–2 sentences)
- A boundary rule: how to decide if a precluster belongs here vs. in another category
3. After proposing all categories, run a pairwise MECE check: for each pair (X, Y), state in
one sentence why a mismatch described by X cannot also be described by Y. If you find overlap,
revise.
4. Finally, assign every precluster to exactly one category.

### Output Format
Return a JSON object:
{ "reasoning": "Your analysis of the natural fault lines you identified",
"categories": [ {
"name": "category_name", "definition": "Precise definition of this category",
"boundary_rule": "When a precluster is X vs Y, it belongs here if...",
"assigned_preclusters": ["precluster1", "precluster2", ...] } ],
"pairwise_checks": [ { "pair": ["category_a", "category_b"],
"why_exclusive": "One sentence explaining mutual exclusivity" } ] }

Table A6: Prompt template used for GPT-based taxonomy consolidation in the third stage of the pipeline. Here,
{num_pcs} denotes the number of preclusters produced after embedding-based pre-clustering, and {format-
ted_preclusters} denotes the formatted list of those preclusters together with their frequency, size, and task-
distribution information. The prompt asks the model to consolidate these preclusters into a final taxonomy and
return category names, definitions, boundary rules, assigned preclusters, and consistency checks in JSON format.
Text in blue braces denotes dynamic variables.
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Prompt for Verified Reasoning Evaluation

You are a strict evaluator of AI reasoning chains in coding tasks, with access to web search.
Most AI-generated reasoning contains errors — your job is to find them.

## Task / Question:
{question}

## AI’s Reasoning Chain:
{chain}

## AI’s Generated Output:
{output}

Use web search to verify specific technical claims when needed (API usage, library
functions, language features, algorithm correctness).

Evaluate the CORRECTNESS of the reasoning chain and whether it leads to a correct
solution:
- Does the reasoning correctly identify the key technical aspects of the task?
- Are claims about algorithms, data structures, edge cases, and syntax correct?
- Does the reasoning lead to an output that correctly solves the problem?
- Are there factual errors about language features, APIs, or libraries in the reasoning?

Rate the reasoning correctness from 1 to 10 (most samples should fall in 3–7 range;
reserve 9–10 only for truly flawless reasoning):
10 = Flawless reasoning; all claims correct, leads to correct solution
8–9 = Strong; minor issues that do not affect the solution’s correctness
6–7 = Acceptable; one moderate technical error or oversight in reasoning
4–5 = Problematic; significant error that would affect solution correctness
2–3 = Poor; multiple reasoning errors that would produce wrong results
1 = Fundamentally wrong; core reasoning approach is incorrect

Respond with ONLY a JSON object:
{"score": <1-10>, "reason": "brief justification"}

Table A7: Prompt template used in the verified reasoning evaluation stage of VERA. The placeholders {question},
{chain}, and {output} are instantiated with the task description, the candidate reasoning chain, and the corresponding
generated output, respectively.
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Prompt for Ambiguity-Aware Score Correction

You are evaluating how well an AI’s reasoning chain handles uncertainty in a coding task.

## Task / Question:
{question}

## AI’s Reasoning Chain:
{chain}

## AI’s Generated Output:
{output}

Assess two things:

### 1. Task Ambiguity Level (0.0 - 1.0)
How ambiguous or underspecified is this task for a software developer?

Use this calibrated scale — note that scores above 0.5 should be common for real-world tasks:
- 0.9–1.0 = Fundamentally underspecified: no single correct answer; any experienced developer
would need to ask clarifying questions before starting. E.g., “improve this function,” “fix
the bug,” open-ended refactoring, or missing success criteria.
- 0.6–0.8 = Significantly ambiguous: the task has a plausible main interpretation, but key
design decisions (error handling, edge cases, performance/readability trade-offs, API style)
are left unstated and reasonable developers would make different choices.
- 0.3–0.5 = Mildly ambiguous: mostly clear, but one or two specific behaviors are underspecified
(e.g., what to return on empty input, whether to mutate or copy, which exception type to
raise).
- 0.1–0.2 = Essentially clear: a well-specified algorithmic task; at most trivial naming
choices remain.
- 0.0 = Fully deterministic: one unambiguous correct answer, no design decisions required.

### 2. Uncertainty Handling Quality (0.0 - 1.0)
Only matters when ambiguity_level > 0.2. How appropriately does the AI’s reasoning respond to
the actual ambiguity?

Strict scale — most reasoning chains will score low because they ignore ambiguity:
- 0.8–1.0 = Excellent: explicitly names the ambiguity, states which interpretation was chosen
and why, preserves conditional conclusions (“if X, then A; otherwise B”), or reasonably
abstains on genuinely unknowable aspects.
- 0.5–0.7 = Partial: acknowledges uncertainty somewhere in the reasoning but does not fully
address it (e.g., mentions “assuming X” once without justification).
- 0.2–0.4 = Poor: proceeds confidently with one interpretation, makes large implicit
assumptions, and gives no acknowledgment of alternatives.
- 0.0–0.1 = Actively misleading: presents a highly contested design choice as the only correct
approach, or expresses false certainty about unknowable behavior.

Default: if ambiguity_level < 0.2, set handling_quality = 0.5 (neutral — the task is
clear, so uncertainty handling is not relevant).

Respond with ONLY a JSON object:
{"ambiguity_level": <0.0-1.0>, "handling_quality": <0.0-1.0>, "handling_issues": "brief
explanation"}

Table A8: Prompt template used in the ambiguity-aware score correction stage of VERA. The placeholders
{question}, {chain}, and {output} are instantiated with the task description, the candidate reasoning chain, and the
corresponding generated output, respectively.
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