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Abstract

Multimodal Process Reward Models (MPRMs)
have emerged as a pivotal framework for en-
hancing the reasoning capabilities of Mul-
timodal Large Language Models (MLLMs).
However, the research community currently
lacks a dedicated benchmark to rigorously as-
sess the error discernment capabilities of these
models. To address this gap, we introduce
PRMBench-V, a novel benchmark specifically
designed to evaluate MPRMs’ proficiency in de-
tecting erroneous reasoning steps across diverse
error categories. Leveraging a semi-automated
annotation pipeline augmented with human ver-
ification, we construct a comprehensive dataset
comprising 907 unique queries, each anno-
tated with nine distinct error types, result-
ing in 8,163 test cases with fine-grained step-
level error labels. Through extensive exper-
iments involving over 16 open- and closed-
source models, we uncover several key find-
ings: (1) even the strongest existing MPRMs
achieve only ~30% accuracy in error identifica-
tion; (2) while partial error detection achieves
moderate precision and recall (~60%), overall
accuracy remains low (~20%); and (3) bench-
mark scores exhibit a strong correlation with
downstream task performance gains (r=0.86).
Furthermore, we demonstrate that PRMBench-
V can inform the development of more ro-
bust MPRMs: by introducing the Bayesian
Rater Reliability Process Reward Model
(BR2-PRM), we achieve up to a 4.8% per-
formance improvement through test-time scal-
ing. We believe that PRMBench-V will serve
as a valuable resource for advancing MPRM re-
search, enabling more rigorous evaluation and
fostering the development of models with fine-
grained multimodal reasoning capabilities.

1 Introduction

The rapid advancement of MLLMs has demon-
strated their remarkable ability to tackle complex

* Equal contribution.
¥ Corresponding authors.

reasoning tasks (Hurst et al., 2024; Bai et al., 2025;
Zhu et al., 2025; Team et al., 2023; Yakun et al.,
2026; Zhou et al., 2026). However, their progress
hinges on robust evaluation methodologies, partic-
ularly for reasoning processes (Li et al., 2025b).
While existing methods like outcome-based re-
ward models assess final outputs (Lambert et al.,
2024; Zhong et al., 2025; Chan et al., 2025a), they
often overlook errors in intermediate reasoning
steps (Skalse et al., 2022; Xia et al., 2025), po-
tentially rewarding correct answers derived from
flawed logic. Process reward models (PRMs) ad-
dress this by evaluating reasoning chains (Light-
man et al., 2023; Zhao et al., 2025; Khalifa et al.,
2025; Chan et al., 2025b; Shi et al., 2025), yet exist-
ing benchmarks that evaluate the error-discernment
capability of these PRMs focus solely on the uni-
modal domain (Zheng et al., 2024; Song et al.,
2025). While the application of PRMs in the mul-
timodal domain is an emerging frontier, their sys-
tematic evaluation remains in its infancy, creating
a critical barrier to assessing MPRMs for vision-
language reasoning tasks.

To bridge this gap, we introduce PRMBench-
V., a benchmark designed to rigorously evaluate
MPRMs by measuring their ability to identify fine-
grained errors in vision-language reasoning steps.
By using a carefully designed automated annota-
tion pipeline augmented with human verification,
we construct a comprehensive benchmark compris-
ing 907 unique queries, each annotated with 9 dis-
tinct error types, resulting in 8,163 error-labeled
reasoning chains. This benchmark provides a gran-
ular and scalable framework for assessing PRMs
in multimodal contexts.

In our study, we conduct extensive experi-
ments and evaluate more than 16 state-of-the-art
open- and closed-source models, including GPT-
40 (Hurst et al., 2024), Gemini (Team et al.,
2023), InternVL3 (Zhu et al., 2025), and Qwen?2.5-
VL (Bai et al., 2025). Trough rigorous analy-
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Figure 1: Overview of the pipeline for constructing PRMBench-V.

sis, our key findings reveal: 1) Limited perfor-
mance across models: Even the most advanced
closed-source models struggle to achieve high ac-
curacy in identifying all errors, with an average
accuracy of only 30%. 2) Error-type disparity:
Models exhibit significant variation in performance
across error types, with domain inconsistency de-
tection being notably stronger (20% higher accu-
racy) compared to other error types. 3) Partial
error recognition: While most models achieve
moderate precision and recall (~60%) in detecting
some intermediate errors, they fail to comprehen-
sively identify all errors, as reflected in their low
overall accuracy (~20%). 4) Strong correlation
with downstream tasks: Our results demonstrate
that MPRMs with higher benchmark scores achieve
better downstream task performance in test-time
scaling scenarios (r=0.86, p<0.05). By leveraging
this insight, we design BR2-PRM, which integrates
rater reliability into reward weighting during mul-
tiple candidates selection. This method improves
performance by up to 4.8 % under test-time scaling,
compared with simply averaging the fine-grained
process scores.

We anticipate that PRMBench-V will serve as

a foundational resource for advancing MPRMs,
fostering more rigorous evaluation and targeted
improvements in fine-grained reasoning.

2 Related Works

2.1 Process Reward Model

Reward modeling has become central to large lan-
guage model (LLM) development, serving as both
a quality metric (Lambert et al., 2024) and a cor-
nerstone of reinforcement learning from human
feedback (RLHF) (Stiennon et al., 2020). The
field has evolved from outcome-based models (Li
et al., 2025a; Lambert et al., 2024; Yasunaga et al.,
2025) toward process-based reward models (PRMs)
that assess intermediate reasoning steps (Lightman
et al., 2023; Zhao et al., 2025; Wang et al., 2025;
Tu et al., 2025; Gao et al., 2025; Chan et al., 2026).
PRMs have shown strong utility in applications
such as candidate selection (Lightman et al., 2023;
She et al., 2025; Zhang et al., 2025), guided gen-
eration (Ma et al., 2023; Zhang et al., 2024a), and
online reinforcement learning (Yuan et al., 2024;
Cui et al., 2025). Recent benchmarks (Zheng
et al., 2024; Song et al., 2025) evaluate PRMs
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by inserting reasoning errors to test fine-grained
judgment. However, these efforts remain largely
unimodal, leaving a gap in multimodal reason-
ing evaluation (Luo et al., 2025; Thawakar et al.,
2025; Xu et al., 2024). As multimodal founda-
tion models advance (Sun et al., 2024; Du et al.,
2025), corresponding multimodal PRMs (MPRMs)
and their evaluation become essential. To address
this, we introduce PRMBench-V, a comprehensive
benchmark for assessing MPRMs. Unlike prior
work, our benchmark (1) provides fine-grained,
step-level annotations for multimodal reasoning
chains, (2) ensures uniform coverage of nine er-
ror types per query to avoid evaluation bias, and
(3) exhibits stronger scaling correlation with down-
stream task performance compared to Song et al.
(2025). By enabling precise and balanced evalua-
tion, PRMBench-V facilitates the development of
more reliable MPRMs for next-generation multi-
modal reasoning systems.

2.2 Multi-modal Reasoning Benchmark

Recent reasoning-enhanced language models such
as OpenAl’s ol/03 (Jaech et al., 2024) and
DeepSeek’s R1 (Guo et al., 2025) have demon-
strated remarkable problem-solving capabilities
through chain-of-thought reasoning (Wei et al.,
2022). Inspired by these advances, researchers
have extended similar reasoning paradigms to
multimodal domains, enabling models to inte-
grate visual perception with structured reason-
ing (Thawakar et al., 2025; Xu et al., 2024; Huang
et al., 2025). This emerging paradigm of vision-
reasoning aims to endow models with human-like
cognitive abilities that allow them to observe vi-
sual inputs and engage in deliberate reasoning.
To evaluate these multimodal reasoning capabili-
ties, a number of benchmarks have been developed
that combine visual understanding with mathemat-
ical and logical problem solving (Lu et al., 2023;
Zhang et al., 2024b; Wang et al., 2024a). However,
most existing evaluations focus primarily on final-
answer accuracy, which provides limited insight
into the correctness or quality of intermediate rea-
soning steps. In response, more fine-grained eval-
uation frameworks have been proposed to assess
the validity of each reasoning step (Xu et al., 2025;
Al et al., 2025; Thawakar et al., 2025; Yan et al.,
2024), reflecting a growing emphasis on process-
level assessment. We provide direct comparison
with related benchmarks in Appendix B and Ta-
ble 4. Building on this progress, our work intro-

duces an MPRM benchmark that advances beyond
standard meta-evaluation by offering actionable
guidance for downstream applications. We explic-
itly connect these evaluations to practical utility
through our proposed BR?>-PRM framework, en-
hancing the robustness and interpretability of mul-
timodal reasoning assessment.

3 PRMBench-V

In this section, we introduce PRMBench-V, a
comprehensive benchmark for evaluating MPRMs
through systematic error detection in visual reason-
ing tasks. Our benchmark addresses the critical gap
in assessing MLLMs’ ability to identify and local-
ize reasoning errors across multiple error types in
multimodal contexts. Below, we detail the bench-
mark construction pipeline.

3.1 Data Curation Pipeline

Our data curation follows a systematic three-stage
pipeline designed to generate high-quality reason-
ing chains with controlled error insertion, as illus-
trated in Figure 1.

3.1.1 Stage 1: Seed Questions Collection

We aggregate seed questions from four estab-
lished multimodal reasoning datasets: MMKI12,
MathVision, MathVista, and MathVerse. This di-
verse collection ensures comprehensive coverage
of multiple domains including mathematics, biol-
ogy, physics, geometry and chemistry. In total,
our benchmark consists of 5 main categories and
43 sub categories, providing a balanced represen-
tation across different reasoning paradigms and
visual complexity levels. The illustrative statistics
of PRMBench-V are shown in Table 3 and Figure 2.
Full details can be found in Appendix A.

Electromagnetism: 256 EELL Arithmetic: 848 “45%
p———
Ecoloay: 22 (Y — [S———
Cell Biology: 240 [R¥0A — .
—— ysics:
A, Mathematics S
Chemistry Algebra: 440 - 04%
Geometry
Rt
Inorganic Chemistry: 240
Coordinate Geometry: 240 ‘
avencod Geomery: 560 ()
: [ Geometric Measurement: 856 [HIEE3

Geometric Reasoning: 384 EALEY

Figure 2: Taxonomy of PRMBench-V. The benchmark
is organized hierarchically into 5 major categories and
43 sub-categories.
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Model ‘ Overall NR. NCL. ES. SC. DC. CI. PS. DR. VP
Proprietary Multimodal LLMs
Gemini-1.5-pro 0.34 021 051 0.8 038 076 0.26 0.18 024 0.30
Gemini-2.0-flash 0.33 021 054 022 030 064 027 019 028 0.29
GPT-40 0.27 023 044 0.14 030 0.58 020 0.15 0.14 0.20
Open-sourced Multimodal LLMs
InternVL-3-78B 0.28 026 051 0.12 041 0.69 0.16 0.13 0.14 0.14
InternVL-2.5-78B 0.28 026 050 0.17 031 0.64 0.13 0.17 0.16 0.20
Gemma-3-27B-it 0.28 0.19 047 0.12 021 0.71 020 0.18 0.21 0.24
Qwen-2.5-VL-72B-Instruct 0.26 026 050 0.10 038 0.64 0.13 0.09 0.11 0.11
Gemma-3-12B-it 0.22 021 043 0.04 021 0.69 0.08 0.10 0.09 0.14
InternVL-3-8B 0.20 022 042 007 0.18 041 0.13 0.10 0.12 0.16
Qwen-2-VL-72B-Instruct 0.18 0.11 029 0.06 029 055 008 0.05 0.09 0.08
Gemma-3-4B-it 0.13 0.03 039 007 0.17 0.13 0.09 0.10 0.08 0.13
Qwen-2.5-VL-7B-Instruct 0.08 0.04 0.17 0.01 0.12 0.26 0.03 0.02 0.02 0.05
InternVL-2.5-8B 0.09 0.06 020 0.05 0.10 0.10 0.06 0.06 0.05 0.09
Qwen-2-VL-7B-Instruct 0.02 0.01 0.04 0.01 0.02 0.01 0.01 0.00 0.01 0.07
Open-sourced Multimodal Process Reward Models
URSA-RM-8B 0.16 005 025 022 0.14 0.07 028 0.13 0.20 0.15
MM-PRM 0.14 0.02 002 025 0.15 0.09 029 0.10 0.17 0.18

Table 1: Performance comparison of proprietary and open-source multimodal LLMs across error categories.

3.1.2 Stage 2: Chain-of-Thought Generation
& Verification

COT Generation Since manual annotation of
correct reasoning chains would be time-consuming
and unscalable, we instruct strong MLLMs to gen-
erate detailed step-by-step reasoning chains for
each seed question. Specifically, we prompt GPT-
4o with temperature = 1.0 to provide comprehen-
sive solutions with explicit step numbering and
clear logical progression, producing high-quality
reasoning chains as shown in the mid-left panel of
Figure 1.

COT Verification Given that our framework re-
quires inserting errors into reasoning chains, we
must first ensure the correctness of the generated
chains. We implement a simple, yet effective, verifi-
cation strategy to automatically validate the quality
of the reasoning chain. Specifically, we truncate
the final calculation step of each generated reason-
ing chain and provide the preceding steps to other
MLLMs. The models are then asked to generate
the final answer based solely on the reasoning steps
provided. If the models can successfully arrive at
the correct final answer using the truncated reason-
ing chain, we consider the chain to be logically

sound and retain it for error insertion. Conversely,
if the models fail to reach the correct conclusion
based on the provided reasoning steps, we conclude
that the chain contains inherent logical flaws that
prevent other models from following the reason-
ing to the correct answer and subsequently filter
out such chains. During this stage, we employ a
model pool including Gemini-2.5-flash, GPT-40
and Qwen-2.5-VL-72B-Instruct with temperature
= 1.0 to conduct cross-verification. Only those
instances that are answered correctly by all models
in the pool are retained. This process ensures that
only high-quality, logically consistent reasoning
chains proceed to the error insertion stage, estab-
lishing a reliable foundation for our benchmark
construction.

3.1.3 Stage 3: Fine-Grained Error Insertion

Error Insertion We adopt a systematic error in-
sertion framework that introduces controlled mis-
takes into verified reasoning chains while preserv-
ing the overall structure and reasoning context. Our
framework encompasses multiple error categories
that target different aspects of logical reasoning.
We utilize a fine-grained error taxonomy aligned
with prior work (Song et al., 2025) and adapt it to

44675



target multi-modal context by introducing a new
visual error category. We summarize distinct re-
quirements on MPRMs as follows:

Non-Redundancy (NR.) demands the MPRMs
to identify and justify which step(s) are logically
superfluous.

Non-Circular Logic (NCL.) requires detecting
self-referential loops where step .S, relies on step
Snr that ultimately depends on S,,.

Empirical Soundness (ES.)/ Step Consistency
(SC.)/ Domain Consistency (DC.) necessitate
grounding verification against facts (empirical), in-
ternal consistency (step), or domain-specific rules
(domain).

Confidence Invariance (CI.) involves flagging
overconfident unsupported claims.

Prerequisite Sensitivity (PS.) and Deception
Resistance (DR.) require contextual gap-filling and
adversarial pattern recognition, respectively.

Visual Perception (VP.) extends multimodal
evaluation by assessing the ability of MPRMs to
identify and reason over visual misperceptions aris-
ing within reasoning processes.

Based on the above definitions, we adopt sim-
ilar error insertion templates to prompt GPT-40
with temperature = 1.0 to insert errors in specific
steps within verified chains. To be noted, the er-
ror insertion process requires careful handling of
cascading effects, as introducing an error at one
step often necessitates modifications to subsequent
steps to maintain logical consistency within the
flawed reasoning path. When an error is inserted,
the following steps need to be adjusted to reflect the
consequences of the mistake introduced, ensuring
that the resulting chain remains coherent despite
the fact that it contains the targeted error.

Quality Control We implement a quality control
process involving manual verification by human
annotators to ensure the reliability and validity of
our error-inserted reasoning chains. Rather than
requiring annotators to write reasoning chains or
insert errors themselves, we employ a streamlined
checklist-based approach where annotators verify a
few key aspects to determine whether the instance
should be retained or not, such as (1) whether the
original reasoning chain is mathematically correct
and logically sound, and (2) whether the inserted
error matches the intended error type and is appro-
priately integrated into the reasoning flow. Full
details of the annotation is shown in Appendix A.2.
This human verification step filters out cases that is

low-quality, ensuring that our benchmark contains
error examples that provide meaningful challenges
for MPRMs evaluation.

4 Experiments

4.1 Experimental Setup

We evaluate over 16 state-of-the-art MLLMs and
scalar-based PRMs on PRMBench-V. For MLLMs,
we adopt one-shot prompting (Zheng et al., 2023)
to identify reasoning errors. For scalar-based
PRMs (Du et al., 2025; Luo et al., 2025), we flag
the lowest-scored step(s) as erroneous, aligning
the count with ground-truth annotations to handle
multi-step errors. By default, the experiments dur-
ing the evaluation use consistent prompting and
temperature = 0.0.

4.2 Evaluation Metrics

Given the multi-error nature of PRMBench-V
where each reasoning instance may contain multi-
ple error types, we employ following metrics:

* Strict Accuracy: An instance is only counted
as correct if the model identifies al/l ground-
truth errors and makes no false positives. This
conservative measure reflects real-world util-
ity, as missing even one error step may invali-
date the entire reasoning chain.

* Relaxed Precision & Recall: Since strict ac-
curacy is prohibitively challenging especially
for instances with many erroneous steps, we
complement it with instance-level precision
and recall. This approach:

— Accounts for partial correctness (e.g., de-
tecting 2/3 errors in an instance still con-
tributes to recall.)

— Maintaining high precision ensures
flagged errors are trustworthy, avoiding
unnecessary corrections.

We computed final benchmark scores by macro-
averaging instance-level metrics, ensuring equal
weight per instance and mitigating bias from error-
prone cases. This evaluation strategy balances
rigor (via strict accuracy) with practicality (via
relaxed precision/recall), addressing the inherent
challenges of multi-error assessment.

4.3 Main Results

Table 1 presents the comprehensive evaluation re-
sults of models across PRMBench-V, revealing sev-
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Figure 3: Illustrative accuracy, precision, and recall comparison for selected models. Full results are shown in

Appendix E.

eral critical insights about the current capabilities
and limitations of MPRMs.

Overall Performance Landscape. The results
demonstrate that even the most advanced models
struggle significantly with fine-grained error detec-
tion in multimodal reasoning. The best-performing
model, gemini-1.5-pro, achieves only 0.34 over-
all accuracy, while the majority of open-source
models fall below 0.30. This finding underscores
a fundamental challenge in current MPRMs de-
velopment, where models fail to comprehensively
identify reasoning errors despite their sophisticated
architectures.

Error Type Performance Disparities. The re-
sults reveal distinct performance patterns across er-
ror types that reflect the inherent strengths and lim-
itations of current MPRMs. Models demonstrate
significantly stronger performance in categories re-
quiring structural and rule-based reasoning, such
as NCL. and DC., where top models achieve scores
ranging from 0.40-0.70. This superior performance
aligns well with how MLLMs are fundamentally
trained on logical patterns and structural relation-
ships in text.

Categories that demand grounding in empirical
evidence and temporal coherence, including ES.
and SC., present moderate challenges for current
models, with performance typically ranging from
0.20-0.40 for leading systems. While these scores
indicate room for improvement, they suggest that
models possess some capability for evidence-based
reasoning validation.

In stark contrast, current models exhibit notable
vulnerability in Sensitivity-Based error types; PS.

and DR., where even the best-performing models
struggle to exceed 0.30 accuracy. This poor per-
formance highlights a critical limitation: current
MLLMs lack robustness to perturbations and ad-
versarial modifications in reasoning chains. Con-
sistently low scores across PS. (0.10-0.28) and DR.
(0.05-0.28) indicate that models are easily misled
by subtle changes in problem conditions or decep-
tive reasoning steps, revealing a fundamental weak-
ness in their error detection capabilities when faced
with manipulated or perturbed inputs.

Policy: Gemma-3-12B-it Policy: LLaVA-1.5-7B

Accuracy (%)
Accuracy (%)

|

&
a0 V%

T
2

/

224
T T
16 2

1 8 4 8 1
Best of N Best of N

—O— InternVL-3-78B  —A— Qwen-2-VL-72B-Instruct
InternVL-3-88

0= Qwen-2.5-VL-7B-Instruct
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Figure 4: Accuracy scaling curve of two policy models
on MMK12 when guided by different process reward
models under Best-of-N sampling (N=2,4,8,16).

Scalar-Based MPRMs performance. Addition-
ally, scalar-based MPRMs (URSA-RM-8B and
MM-PRM) demonstrate competitive but not su-
perior performance compared to general-purpose
MLLMs, achieving 0.17 and 0.13 overall accu-
racy. Interestingly, these models show relatively
balanced performance across error types, suggest-
ing they may offer more consistent error detection
capabilities, albeit at lower absolute performance
levels.
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Figure 5: Best-of-16 Regression Analysis. The strong
correlation (r = 0.86, p < 0.05) between our benchmark
scores and downstream task (MMK12) performance
validates that our metric effectively predicts real-world
model capability.

Precision-Recall Analysis Reveals Systematic
Patterns. The radar chart analysis of three repre-
sentative models across different performance tiers
in Figure 3 unveils consistent patterns in precision-
recall trade-offs. Across all examined models
(GPT-40, InternVL-3-78B, and Gemma-3-4b-it),
precision consistently outperforms both accuracy
and recall across most error categories, suggest-
ing that while models can correctly identify errors
when they detect them, they suffer from incom-
plete error recognition. This pattern is particularly
pronounced in CI. and ES. categories, where preci-
sion scores often exceed 0.6-0.8 while accuracy re-
mains substantially lower. The precision-recall gap
is most evident in the Sensitivity-Based categories
(PS., DR.), where models demonstrate moderate
precision (0.2-0.4) but extremely low recall, indi-
cating they miss the majority of perturbation-based
errors even when their identified errors are often
correct.

These results highlight the significant room for
improvement in MPRMs development and estab-
lish PRMBench-Vas a challenging benchmark that
effectively differentiates model capabilities across
fine-grained error detection tasks.

4.4 Scaling Effect of Process-Based
Verification

To assess the practical utility of MPRMs in im-
proving reasoning performance, we conduct best-
of-N evaluation experiments using two policy mod-
els (Gemma-3-12B-it, LLaVA-1.5-7B) paired with
eight different MPRMSs spanning various perfor-
mance tiers. Figure 4 presents the scaling results on
MMK12. Specifically, we generate multiple solu-
tions with temperature = 0.7 for each policy model

Algorithm 1 BR?-PRM: Calibration Stage (Learn-
ing Judge Reliability)

Require: Calibration set Degib = {(si,2)} M,
with s; € {1,...,L}*, z; ¢ {0,1}%,;
Dirichlet priors {ay, ; € Réo}kzl..K,je{o,lp
(optional) Beta priors for prevalence m; ~
Beta(ak, bk)

Ensure: Posterior hyperparameters
{az,j}kzl.‘K,je{o,lﬁ prevalence estimates
{7

1: Initialize o ; < oy, ; forall &, j.
2: Initialize counts my, 1 < 0 for all k.

3: fori=1to M do > accumulate counts by
true state
4 for k = 1to K do
5: S 4 Sik >se{l,...,L}
6: J o Zik >je{0,1}
7 (o), j)s = (0 ;)s +1
8 M1 < M1+ J
9: end for
10: end for
11: fork =1to K do © prevalence estimation
12: if Beta prior used then
13: ﬁk — M
ap +bp + M
14: else
15: T % > empirical prevalence
16: end if
17: end for

18: return {cy ;} and {7}

under different N values, and utilize the MPRMs to
select the best solution for evaluation. For selection,
we employ a standard LL.M-as-a-Judge paradigm,
prompting the MPRMs to provide direct scores
across different dimensions corresponding to each
error type evaluated in this paper, and select the
solution with the highest average score. Detailed
prompts are provided in Appendix F.

The results demonstrate varied effectiveness of
MPRM-guided sampling across different policy-
reward model combinations. Specifically, we ob-
serve consistent improvements with increasing N
values, with performance gains of 6-8 percentage
points when moving from best-of-2 to best-of-16.
This suggests that these models benefit substan-
tially from having multiple reasoning attempts fil-
tered by MPRMs. The choice of MPRMs also sig-
nificantly impacts performance. InternVL-3-78B
consistently serves as an effective reward model
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Algorithm 2 BR?-PRM: Inference and Best-of- N

Selection

Require: Candidate set Tpew = {si}ﬁ\il with
s; € {1,..., L}*; posterior hyperparameters
{a ;} from Alg. 1; prevalence {7}

Ensure: Selected trace 7™ and its Bayesian aggre-

gate score Spayes(1™).
¢ Shax ¢ —00, F < null

—_

2: fort:=1to N do > score each candidate
3: log S <~ 0 > accumulate in log-space for
stability
4: for k =1to K do
5: S < Sk
/
6: pgﬂ—% >P(s|z=0)
26:1/(0%,0)!
7 p1 L(ak’l)s >P(s|z=1)
26—1(0‘2,1)6
8: e < po(l — @) + p17t > evidence
P(s)
9: QHM >P(z=0]s)by
Bayes rule ¢
10 log S < log S + logq
11: end for

12: S + exp(log S)
13: if S > Spax then

14: Smax & S, i1
15: end if
16: end for

17: return T <— Tj« with Spayes(T™) < Smax

across two policy models, while smaller reward
models like Gemma-3-4B-it show more variable
effectiveness. These findings highlight the impor-
tance of careful MRPMs selection and suggest that
the optimal policy-reward model pairing depends
on both model capabilities and the specific reason-
ing task characteristics.

4.5 Downstream Task Correlation

To validate the predictive utility of our benchmark,
we analyze the correlation between model perfor-
mance on PRMBench-V and their effectiveness in
downstream multimodal reasoning tasks. Figure 5
presents the regression analysis between leader-
board performance (Overall’s Accuracy) and best-
of-16 performance on MMK12 across two policy
models. The results demonstrate strong positive
correlations in two policy models, with Pearson’s
correlation coefficients ranging around 0.86 and the

p-value around 0.01. This consistent correlation
pattern validates that models with superior error de-
tection capabilities on PRMBench-V translate effec-
tively to improved reasoning performance in down-
stream tasks when used as process reward mod-
els. More results on Out-of-Distribution (OOD)
tasks and the correlation under different N values
are shown in Appendix E.3. In overall, targeted
improvements in error identification in our bench-
mark could yield proportional gains in downstream
multimodal reasoning applications, providing a
clear pathway for advancing MLLMs capabilities
through process-based verification.

4.6 Bayesian Aggregation of Process Rewards
(BR2-PRM)

Building on our observation that different MPRMs
exhibit heterogeneous reliability across error di-
mensions, we first introduce a simple reliability-
weighted aggregation scheme before extending it
to a fully Bayesian formulation.

Motivation. Empirical analyses reveal that indi-
vidual MPRMs vary in their accuracy and consis-
tency depending on the type of reasoning or process
error under evaluation. To account for this, we ini-
tially adopt a weighted process scoring approach
that adjusts each error type’s contribution accord-
ing to its benchmark-derived reliability. Specifi-
cally, we estimate a judge’s reliability on each error
type from PRMBench-V, normalize these values,
and use them as deterministic weights when ag-
gregating process-level rewards. This method im-
proves upon naive averaging by amplifying signals
from more dependable dimensions while attenuat-
ing noise from less reliable ones.

However, this deterministic weighting still as-
sumes that reliability estimates are fixed and noise-
free. In practice, rater reliability varies across in-
dividual instances and error categories. To over-
come these limitations, we introduce BR2-PRM
(Bayesian Rater Reliability for Process Reward
Model), which reframes reward aggregation as a
problem of probabilistic inference. BR>-PRM mod-
els reliability as a latent variable inferred from cal-
ibration data (e.g., PRMBench-V) and explicitly
accounts for both aleatoric and epistemic sources
of uncertainty in the aggregation process. This
Bayesian framework provides a principled mecha-
nism for uncertainty-aware reward estimation and
supports more robust aggregation when rater reli-
ability is limited or uncertain. Due to space con-
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Figure 6: Benchmark-informed weighting and BR2-PRM both improve response selection over naive averaging.
BR2-PRM further amplifies gains by explicitly modeling judge reliability, yielding up to +4.8% improvement on

LLaVA-1.5-7B with Gemma-3-27B-it.

straints, we provide illustrative processes as shown
in Algorithm 1 and 2. Further details are provided
in Appendix D.

Model. For each trace T; and error type k, the
observed score s;j is treated as a categorical
draw conditioned on a latent binary error state
2z €40, 1}. The judge’s reliability is captured by
two Dirichlet-parameterized distributions: 0, 1 ~
Dir (o1 ) for cases where an error is present and
00 ~ Dir(ay,o) otherwise. Given calibration
data with known (s; 1, 2, 1), we update afk’j =
oy, j + count(s; k, z; ), = j), yielding posterior re-
liability parameters as detailed in Algorithm 1.
For a new trace, the posterior predictive likeli-
hood P(s; | z ) is computed in closed form, and
Bayes’ rule gives the probability that the trace is
error-free for each dimension:

Ps|0(1 - 7Tk:)
Ps|0(1 - 7rk) + Ps\lﬂ—k,

Fojs = (D

where 7, is the estimated prevalence of error
type k. The final Bayesian aggregate score is the
joint posterior that a trace is free of all errors (Al-
gorithm 2): Spayes(T3) = [ P(zix = 0] sik).
Selecting arg max; Sgayes(7;) is equivalent to the

Bayes-optimal decision rule under a natural zero-
one loss over latent errors.

Results. Figure 6 compare BR2-PRM with av-
erage and weighted scoring across policy models
and Best-of-N configurations. BR2-PRM consis-
tently achieves the highest downstream accuracy
on MMK12, improving by 1.2%to 1.8% relative
to weighted scoring and by up to 4.8% compared
with simple averaging. These results demonstrate
that uncertainty-aware, reliability-calibrated aggre-
gation provides more reliable reasoning-trace se-
lection.

5 Conclusion

We introduce PRMBench-V, a comprehensive
benchmark for fine-grained error detection in multi-
modal reasoning. Our experiments expose notable
weaknesses in current MPRMs, with top models
reaching only 30% accuracy in identifying reason-
ing errors and showing clear disparities across error
types. We also show a strong correlation between
error-detection accuracy and downstream task per-
formance. By offering a rigorous evaluation frame-
work and actionable insights, PRMBench-V estab-
lishes a foundation for building more robust and
reliable multimodal reasoning systems.
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6 Ethical considerations

This work involved human annotators for verifying
the accuracy and quality of automatically generated
reasoning chains within the PRMBench-Vdataset.
All annotators were recruited from a pool of quali-
fied experts with demonstrated competence in mul-
timodal reasoning evaluation and were compen-
sated at fair rates aligned with academic research
standards. Detailed annotation protocols, including
training procedures, quality-control measures, and
verification criteria, are provided in Appendix A.2.

All participants provided informed consent af-
ter being briefed on the task objectives, expected
workload, and data usage policies. The dataset
construction exclusively utilized publicly available
or appropriately licensed resources, in full compli-
ance with the licenses of MathVista, MathVerse,
MathVision, and MMK12 datasets. Furthermore,
the data curation and verification protocols were
reviewed and approved by the institutional Ethics
Review Board (ERB). No personally identifiable
or sensitive data were collected or processed at any
stage of the study.

7 Limitations

Although PRMBench-V provides a benchmark ded-
icated to evaluating MPRMs, several limitations
remain. First, while the benchmark spans five sci-
entific domains and nine distinct error types, its
scale is still moderate compared with real-world
scenarios. Expanding both dataset coverage and the
diversity of multimodal reasoning scenarios will
further enhance robustness and generalizability.

Second, while our study systematically evaluates
existing MPRMs and introduces the Bayesian Rater
Reliability Process Reward Model (BR2-PRM) as
a principled aggregation framework, it does not ad-
dress training-time optimization or reinforcement
learning integration for improving model reliability.
This is primarily due to the current lack of large-
scale, high-quality fine-grained annotated multi-
modal datasets necessary for training such PRMs.
Due to the reason that asking experts to anno-
tate each step’s correctness is time-consuming and
labour-intensive, future work could leverage auto-
mated annotation pipelines to generate large-scale
synthetic datasets, and apply weak-supervision
techniques to convert noisy or heuristic weak labels
into high-confidence strong labels

Lastly, the current annotation design of
PRMBench-V deliberately focuses on structured

scientific reasoning tasks (e.g., mathematics and
physics). This methodological choice is driven by
verifiability: scientific domains provide objective,
binary ground truths that are critical for rigorously
benchmarking MPRMs without introducing the
noise of judge subjectivity. By establishing this ver-
ifiable stepping stone, we are able to provide more
detailed step-wise supervision with higher informa-
tion density. However, extending our benchmark
to encompass open-domain multimodal reasoning
such as creative writing and real-world visual narra-
tives represents a crucial direction for future work.
In these scenarios, establishing a unique "gold stan-
dard" for intermediate reasoning steps becomes in-
herently subjective. Therefore, conducting a more
systematic examination of robustness within open-
domain tasks will be a highly valuable avenue for
subsequent research.
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A More Details of PRMBench-V

A.1 Taxonomy of Categories & Statistics

Our benchmark encompasses five principal cate-
gories pertinent to the field of science: mathe-
matics, biology, chemistry, physics, and geome-
try. Each primary category is further divided into
sub-categories to provide a detailed and structured
analysis. The statistical data and the hierarchical
structure of these categories are illustrated in Ta-
ble 3, which provides a visual representation of the
comprehensive framework employed in our study.

Additionally, Figure 7 illustrates that the distribu-
tion of error step positions in our benchmark is left-
skewed, indicating that most reasoning chains do
not exceed a length of 12 steps. This also suggests
that models tend to introduce error steps primarily
within the initial stages of the reasoning process,
thereby increasing the difficulty of error detection.
Furthermore, Figure 8 demonstrates that the length
of reasoning chains does not vary by more than
three steps across all error types.

A.2 Human Annotation Details

To evaluate the quality of the original and modified
steps, we provide several rules for annotators and
require them to carefully review both the original
steps and their corresponding modifications using
platform in Figure 13. Specifically, our human veri-
fication stage prioritized the following key aspects.

For the original step quality assessment, anno-
tators must determine whether the original reason-
ing chain is correct and logically sound. A step
is considered correct if it contains no calculation
errors, demonstrates sound logic, and ensures the
reasoning process is consistent with the final re-
sult. Otherwise, it is marked as incorrect. For the
modified step assessment, annotators evaluate the
reasonableness of the modifications made to the
original step based on the given modification ratio-
nale. To be specific, annotators verify whether the
inserted error correctly matches the intended error
type and is appropriately and seamlessly integrated
into the flawed reasoning flow.

Afterwards, to rigorously quantify the quality
and reliability of our curated instances, we con-
ducted an additional Inter-Annotator Agreement
(IAA) study after the creation process. Two re-

'CLIP (Radford et al., 2021)
2ViT (Dosovitskiy et al., 2020)
3SigLIP (Zhai et al., 2023)
“InternViT (Chen et al., 2024b)

searchers blindly assessed the validity of the flawed
reasoning across 100 sampled instances. Our goal
is to verify that the flawed reasoning is genuinely
incorrect and accurately reflects its assigned er-
ror type. Critically, since this evaluation was per-
formed on the pre-verified dataset, the true preva-
lence of valid samples is inherently high. Under
such prevalence-skewed conditions, the traditional
Cohen’s k is known to be unreliable and often
generates misleadingly low scores (a phenomenon
known as the “Kappa Paradox”). Therefore, we
report the Observed Agreement (OA) as a more di-
rect and reliable measure. The OA reached 94% be-
tween the two independent researchers, confirming
the robustness and high quality of the data within
our benchmark.

A.3 Data Source

Original scientific questions in PRMBench-V are
collected from 4 data sources MathVista (Lu et al.,
2023), MathVerse (Zhang et al., 2024b), Math-
Vision (Wang et al., 2024b) and MMK12 (Meng
et al., 2025).

MathVista is composed of three newly estab-
lished datasets: IQTest, FunctionQA, and PaperQA,
aimed at assessing logical reasoning through puzzle
figures, algebraic reasoning in relation to functional
graphs, and scientific reasoning utilizing figures
from academic papers. Furthermore, it includes
9 MathQA datasets and 19 VQA datasets from
prior research, which significantly enhance the va-
riety and intricacy of challenges related to visual
perception and mathematical reasoning. In total,
MathVista encompasses 6,141 instances gathered
from 31 separate datasets.

MathVerse is a comprehensive visual mathemat-
ics benchmark created for a fair and thorough as-
sessment of multi-modal language models. It con-
tains 2,612 high-quality math problems across var-
ious subjects, accompanied by diagrams sourced
from publicly available materials. Human annota-
tors have adapted each problem into six different
versions, each presenting different levels of infor-
mation in multi-modal formats, resulting in a total
of 15,000 test samples.

MATH-Vision is a carefully assembled compila-
tion of 3,040 high-quality mathematical problems
that include visual elements, drawn from actual
math competitions. It covers 16 different areas
of mathematics and is categorized into 5 levels of
difficulty.

MMK12 consists of more than 15,000 problems
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Model Model Size Vision Encoder Base LLM
GPT-40 - - -
Gemini-1.5-pro - - -
Gemini-2.0-flash - - -
Qwen-2-VL-7B-Instruct 7B ViT-bigG' Qwen LLM
Qwen-2-VL-72B-Instruct 72B ViT-bigG! Qwen LLM
Qwen-2.5-VL-7B-Instruct 7B ViT-H/14! Qwen2.5 LLM
Qwen-2.5-VL-72B-Instruct 72B ViT-H/14! Qwen2.5 LLM
Gemma-3-4B-it 4B SigLIP? Transformer Decoder
Gemma-3-12B-it 12B SigLIP? Transformer Decoder
Gemma-3-27B-it 27B SigLIP? Transformer Decoder
InternVL-2.5-8B 8B InternViT-300M-448px-V2_5%  internlm2_5-7b-chat
InternVL-2.5-78B 78B InternViT—6B—448px—\72_53 Qwen-2.5-72B-Instruct
InternVL-3-8B 8B InternViT-300M-448px-V2_53 Qwen2.5-7B
InternVL-3-78B 78B InternViT—6B—448px—\72_53 Qwen2.5-72B
URSA-RM-8B 8B siglip2-large-patch16-3842 Qwen2
MM-PRM 8B InternViT-300M-448px-V2_53  internlm2_5-7b-chat
Table 2: Evaluated models in PRMBench-V.
Statistics Number A.4 Existing Assets Licenses

Total Questions 907 * 9 (error type)

- Mathematics 371 * 9 (error type)
- Biology 111 * 9 (error type)
- Physics 92 * 9 (error type)
- Geometry 227 * 9 (error type)
- Chemistry 106 * 9 (error type)

Source Datasets

- MMK12 358
- MathVision 193
- MathVista 304
- MathVerse 52
Step Number Distribution
- Below 7 Steps 31.8%
- 8~9 Steps 37.9%
- 10~11 Steps 19.4%
- 12~13 Steps 6.6%
- Above 14 Steps 4.3%
Query Length Quartile (16, 38, 74)

Response Length Quartile (200, 245, 299)

Table 3: Benchmark composition and characteristics.

related to multi-modal mathematical reasoning,
covering various fields such as geometry, functions,
and graphical analysis.

PRMBench-V is released under the CC BY-NC
4.0 License.

Mathematics problems with images are collected
from MathVerse (Zhang et al., 2024b), Mathvision
(Wang et al., 2024b), which are licensed under
MIT License. Partial mathematics problems are
collected from MathVista (Lu et al., 2023) which
is under cc-by-sa-4.0 License. Scientific questions
including chemistry, physics, biology and mathe-
matics collected from MM-Eureka (Meng et al.,
2025) are under Apache-2.0 License.

B Detailed Comparison with Relevant
Benchmarks

A substantial body of research indicates that reason-
ing can significantly enhance model performance
on scientific tasks. Consequently, various reason-
ing benchmarks have been developed as shown in
Table 4. While some benchmarks assess reward
models, others concentrate on the reasoning capa-
bilities of MLLMs. However, there is still a gap in
multi-modal reasoning benchmarks that provide a
detailed classification of error types for each query.
Therefore, we introduce PRMBench-V, a bench-
mark designed to evaluate MPRMs across various
error types.

While MPBench and ProJudge pioneer multi-
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PRM Multimodal

All Error Types

Step Bench-Informed Test Case

Benchmarks? Benchmarks? for Each Query? Annotation Score Aggregation Annotator Size

RewardBench X X X X X Synthetic + Human 2,985
MR-GSM8K X X X v X Human 2,999
CriticBench X X X X X - -
MathCheck-GSM X X X v X Synthetic 516
M3CoT X X X v X Human 5,975
ProcessBench v X X v X Human 3,400
PRMBench v X X v X Synthetic + Human 6,216
ErrorRadar v v X v X Human 2,500
ProJudge v v X v X Synthetic + Human 2,400
MPBench v v X v X Synthetic + Human 9,745
PRMBench-V (Ours) v v v v v Synthetic + Human 8,163

Table 4: Comparison between related benchmarks with PRMBench-V.

—e— NR.

400

Frequency

1 2 3 4 5 6 7 8 9 10 11 12 13 14+
Error Position

Figure 7: Distribution of error positions across dif-
ferent error type. As questions may contain multiple
errors at different steps, the total area under each
curve varies between lines.

modal process evaluation, neither systematically
generates all predefined error types for every query.
On the other hand, ErrorRadar is restricted to K-
12 mathematics and relies heavily on naturally oc-
curring student errors. In contrast, PRMBench-V
spans five diverse scientific domains and generate
all error types for each query. Additionally, afore-
mentioned works primarily serve as static evalu-
ation while PRMBench-V goes a step further by
providing bench-informed, actionable guidance for
downstream tasks. By leveraging the diagnostic
insights derived from our benchmark, we intro-
duce the BR>-PRM algorithm, translating evalu-
ation into tangible downstream performance im-
provements.

C Details of Experimental Setup

We evaluate 15 state-of-the-art MLLMs and 2
PRMs shown in Table 2 on PRMBench-V, com-
prising 907 queries with 9 distinct error types
(8,163 total test cases). Our evaluation encom-
passes both proprietary models (GPT-40, Gemini-

== No Step Number Change

Step Number Delta (Modified - Original)
|

Error Type

Figure 8: Comparison of step counts between modi-
fied and original responses, grouped by error type.

1.5-Pro, Gemini-2.0-Flash) and open-source alter-
natives (InternVL, Gemma, Qwen, LLaVA). All
experiments are conducted with consistent prompt-
ing strategies and temperature settings (7' = 0.0)
on eight H800 with 80G memory each to ensure
fair comparison. For MLLMs evaluation, we em-
ploy the LLM-as-a-Judge paradigm, where models
are prompted to explicitly identify erroneous rea-
soning steps in a one-shot setting. We conduct
in-context learning because current MLLMs strug-
gle with instruction following if not provided with
demonstrations. For scalar-based PRMs, we follow
established approaches by treating the step with
the lowest predicted score as erroneous. While this
conservative approach effectively targets the most
salient error, it may overlook multi-step erroneous
within complex reasoning chains. To address the
ambiguity inherent in step-level error counting, we
leverage ground-truth annotations to determine the
appropriate number of lowest-scoring steps to flag
as erroneous. Specifically, if the ground-truth an-
notation labels two steps as erroneous, we select
the two lowest-scored steps from the PRM output.
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This alignment strategy accounts for variable er-
ror density across different reasoning chains and
provides an alternative method for adapting scalar-
based PRMs to detect multiple errors in reasoning
sequences.

D Algorithm of BR2-PRM

To address the limitations of heuristic aggrega-
tion, we propose the Bayesian Rater Reliability
Model for Aggregating Process Rewards (BR2-
PRM). This is a lightweight, interpretable, and
theoretically-grounded model designed specifically
for the task of aggregating multi-attribute feedback
from an imperfect MPRM. The model draws in-
spiration from the classic Dawid-Skene model for
modeling rater reliability in crowdsourcing and
medical diagnosis (Dawid and Skene, 1979), adapt-
ing its core principles to the unique context of
MLLM process supervision.

D.1 Model Specification: Adapting the
Dawid-Skene Model for Multi-Attribute
MLLM Evaluation

The BR2-PRM model treats the MLLM judge’s
scoring process for each of the nine error types as
an independent classification task, conditioned on
a binary latent error state. This is a direct paral-
lel to the Dawid-Skene model, which models how
multiple fallible raters classify items into a set of
categories. In our application, we have a single
rater performing nine distinct, parallel rating tasks
(one for each error type, from 1-5 scores). This
formulation is a specific type of latent class model,
where the latent classes are known a priori (error
present vs. error absent).

The generative process for the observed scores,
according to the BR2-PRM model, is as follows:

1. Error Prevalence: For each error type k €
{1,...,9}, there is a prior probability, or
prevalence, 7y, that a randomly generated rea-
soning trace contains an error of that type.

2i , ~ Bernoulli(7y,) 2)

where z; , = 1 if trace T} has an error of type
k, and z; ;, = 0 otherwise.

2. Judge Reliability Matrix: The core of the
model is a set of parameters that character-
ize the judge’s reliability for each error type.
For each error type k, this is captured by a
response probability matrix, which defines

the probability of the judge assigning a score
s € {1,...,5} given the true latent state
z € {0,1}. This matrix is denoted by 6.

e Let 0}}1 =(0k11,---,0k5,1) be the vec-
tor of probabilities for the scores when
an error is present (z; , = 1).

Orsi1 = P(six=slzixg=1) (3)

e Let 0_’;@0 = (0k10,---,05,0) be the vec-
tor of probabilities for the scores when
an error is absent (z; ;. = 0).

Ok,s,0 = P(six = slzixp =0) (4)

These parameters are directly analogous to the
"individual error-rates" in the original Dawid-
Skene formulation.

3. Score Generation: The observed score s; i,
for trace T; on error type k is drawn from the
categorical distribution corresponding to its
true latent state z; .

Si k| Zi ks O ~ Categorical(§k7zi)k) 5)

D.2 Bayesian Inference: Learning Judge
Reliability from PRMBench-V

The power of the Bayesian approach lies in its
ability to learn the judge’s reliability parameters
{6} from data and to quantify the uncertainty in
these estimates. The PRMBench-V dataset, with
its ground-truth labels for the latent error states
{zi 1}, serves as the ideal calibration dataset for
this purpose. The process of learning the reliability
parameters is a standard Bayesian inference proce-
dure:

1. Priors: The reliability parameters 6 are
treated as random variables. Since 9}1 and
é}ﬁo are probability vectors, the natural choice
for a prior distribution is the Dirichlet distri-
bution, which is the conjugate prior to the
Categorical/Multinomial likelihood.

0,1 ~ Dir(dy,1) 6)
010 ~ Dir(d0) (7)

where @, 1 and dj, o are vectors of concentra-
tion parameters.
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2. Likelihood: The likelihood of the PRMBench-
Vcalibration data is calculated based on the
generative model. For a single observation
(ik, zi k), the likelihood of the parameters 6y,
is P(sikl2ik, Ok) = Ok.s; po,20 -

3. Posterior: Due to conjugacy, the posterior
for each 9_}?7]» is also a Dirichlet distribution.
The updated concentration parameters 0727 j
are simply the prior parameters plus the counts
of observed scores in the calibration data for
each category.

/ §
ak,s,j = ak757j+

iE€calib_data
)
where I(+) is the indicator function. This cal-
culation is computationally trivial, involving
only counting.

D.3 Aggregation via Posterior Inference: A
New Scoring Function for Traces

Once the judge’s reliability has been characterized
by learning the posterior distributions for {6y, }, this
calibrated model can be used to evaluate a new set
of N candidate traces. For a new trace 7T; with an
observed score vector s;, the aggregation proceeds
by applying Bayes’ rule for each error type k:

P(zi = 0s;x) o< P(sik|zip = 0)P(zi = 0)

©))
To account for epistemic uncertainty in the judge’s
reliability, we integrate over the posterior distribu-
tion of the parameters 0y, learned during calibration,
yielding the posterior predictive distribution. For
the Dirichlet-Categorical model, this has a closed-
form solution:

/
Vk,s.5
5 /
s'=1 Oélc,s’,j
(10)
With these components, the posterior probability
of a trace being error-free for type k, given score

P(s; k|21 = j,calib_data) =

S ks 18:

P(z;, =0 si,calib_data) =
P(si | zi) = 0, calib_data)
> jeqo13 P(sij | zie = j, calib_data)

(1)

where m; = 7, and mg = 1 — 7. Finally, assum-
ing independence of the error types conditional on

the trace, the new aggregated score for trace 75, de-
noted Spayes(73), is the joint posterior probability
that the trace is free of all errors:

SBayes(Ti) = P(z; = 0[s;, calib_data) =

? . (12)
H P(z; 1, = 0|s; , calib_data)
k=1

This score serves as the new ranking met-
ric. The best trace is selected as T* =
arg maxr; SBayes (T’z)

The above procedure are shown in Algorithm 1
and 2, we also provide the informal proof of the

I(siy = sand 21, = selection error bound as follows.

D.4 Theoretical Guarantee: Selection Error
Bound

Theorem. Let § denote the posterior mean estimate
of the judge reliability parameters obtained from a
calibration dataset of size N. Let T*(6) be the trace
selected by the BR2-PRM aggregator using 6, and
Torcle the trace selected by an oracle with access
to the true latent error states. Then the probability

of suboptimal selection satisfies:

Pr [T(8) # T < CE, [16 - 6711

(13)

for some constant C' > 0, and

@Dé—mm]_o(jw).

Proof Sketch.

(14)

1. Bounded belief deviation: The posterior distri-
bution over latent error states depends con-
tinuously on 6. For small perturbations
§ = 6 — 6%, the KL divergence between
the true and estimated posteriors satisfies
Dicw(P*|| By) = O([13]3).

. Bayesian consistency: By the Bernstein—von
Mises theorem (Van der Vaart, 2000), under
regularity conditions, the posterior distribu-
tion of 0, concentrates around the true 07 at

rate O(1/+/N):
(15)

3. Decision error linkage: A suboptimal choice
occurs when the posterior expected loss or-
dering is inverted due to parameter estima-
tion noise. The probability of such a “rank
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flip” is bounded by the deviation in ex-
pected loss, which is Lipschitz in 0. Thus,
Pr[suboptimal] < C||§ — 6*||; for some C
dependent on the smoothness of the loss.

4. Combining results: Taking expectations yields
the asymptotic bound:

Pr[T*(0) # T°%°) = O <\/1N> . (16)

Interpretation. As the calibration dataset grows,
the BR2-PRM aggregator’s reliability converges
to that of an oracle evaluator. This guarantees that
improvements in rater calibration directly translate
into more accurate trace selection.

E Additional Experimental Results

E.1 Main experimental Results

During our case analysis, we identify a prevalent
phenomenon wherein most MLLMs demonstrate
the capability to detect erroneous steps; however,
they frequently misclassify subsequent steps as er-
roneous as well. To quantify this performance, we
calculate the precision and recall for these models,
finding that these metrics are significantly higher
than the exact accuracy values. Notably, only three
models exhibit precision and recall rates below
0.20. With the exception of llava-next-7b, all mod-
els displayed a high level of confidence in their
ability to identify error steps. Upon examining the
predicted cases generated by llava-next-7b, we ob-
serve that it exhibits a limited capacity to follow
instructions. More often than not, this model tends
to respond directly to the questions posed rather
than focusing on the identification of error steps.

Furthermore, similar to their performance in er-
ror step detection, MLLMs demonstrate commend-
able performance in terms of domain consistency
(DC). However, in the context of deception resis-
tance (DR), while errors can be readily identified,
pinpointing all exact steps leading to these errors
remains a challenge. This discrepancy highlights
the need to further refine the fine-grained training
and evaluation of models.

E.2 Correlation Across Sampling Sizes

To complement the main analysis in Section 4.5, we
further examine the consistency of the relationship
between PRMBench-V scores and downstream rea-
soning performance under varying Best-of-N sam-
pling configurations (N=2, 4, 8, 16). As illustrated

Policy: Gemma-3-12B-it Policy: LLaVA-1.5-7B

0.85

0.90 0.89
0.84 0.84
0.8+ 084 0.75
3 0.66
064 064
0.47
0.44 0.44
02 024
0.04 0.04

4 8
Best of N

Pearson Correlation
Pearson Correlation

4 8
Best of N

Figure 9: Pearson correlation between reward model
scores and policy model accuracy across Best-of-N sam-
pling sizes (N=2,4,8,16).

in Figure 9, the Pearson correlation coefficients
remain consistently high across scales for both pol-
icy models (Gemma-3-12B-it and LLaVA-1.5-7B),
reaching values between 0.75 and 0.90. This trend
indicates that models achieving higher benchmark
scores tend to yield superior reasoning outcomes
even when selection diversity increases, suggest-
ing that process-level reward quality is a strong
predictor of downstream success.

E.3 Correlation on OOD Tasks

We also evaluate the predictive validity of
PRMBench-V. on two OOD benchmarks:
M3COT (Chen et al., 2024a) and GEO3K (Lu
et al., 2021). The regression analyses, presented in
Figures 11 and 12, show that while the correlations
remain positive and directionally consistent
with the in-domain MathVista (IID) results, the
statistical significance is less pronounced due
to limited sample diversity and task domain
shifts. Nonetheless, the observed monotonic
trend suggests that improvements in fine-grained
error identification within PRMBench-V continue
to transfer to unseen domains, underscoring
its potential as a general diagnostic tool for
multimodal reasoning performance.

Policy: Gemma-3-12B-it Policy: LLaVA-1.5-7B

Pearson r=0.841
=0.018

Best-of-N Accuracy (%)
Best-of-N Accuracy (%)
®

10 1‘5 2b 2‘5 30 10 1‘5 Z‘U 2‘5 30
Leaderboard Performance (%) Leaderboard Performance (%)

Figure 10: Best-of-16 Regression Analysis on Math-
Vista (IID).
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Model Overall NR. NCL. ES. SC. DC. CL PS. DR. VP.

P R|P R P R P R P R P R P R P R P R P R

Proprietary Multimodal LLMs
Gemini-1.5-pro 0.83 0.72|0.62 0.79 0.86 0.87 0.89 0.58 0.77 0.74 0.87 0.88 0.88 0.70 0.78 0.62 0.88 0.67 0.88 0.67
Gemini-2.0-flash 0.79 0.76|0.60 0.73 0.85 0.87 0.87 0.68 0.69 0.78 0.78 0.88 0.87 0.73 0.73 0.71 0.85 0.73 0.86 0.77
GPT-40 0.72 0.61|0.57 0.60 0.75 0.75 0.74 0.51 0.60 0.65 0.72 0.78 0.77 0.55 0.66 0.56 0.74 0.53 0.89 0.57
Open-sourced Multimodal LLMs
InternVL-3-78B 0.84 0.65|0.68 0.62 0.81 0.83 0.90 0.54 0.79 0.77 0.82 0.86 0.92 0.56 0.82 0.59 0.91 0.56 0.93 0.54
InternVL-2.5-78B 0.81 0.67|0.65 0.64 0.79 0.81 0.89 0.61 0.72 0.77 0.79 0.84 0.91 0.50 0.80 0.64 0.90 0.60 0.89 0.64
Gemma-3-27B-it 0.78 0.7210.58 0.74 0.80 0.89 0.84 0.50 0.62 0.76 0.84 0.88 0.87 0.63 0.75 0.70 0.84 0.67 0.85 0.72
Qwen-2.5-VL-72B-Instruct | 0.73 0.54|0.64 0.60 0.80 0.78 0.81 0.45 0.75 0.70 0.72 0.72 0.86 0.47 0.71 0.44 0.82 0.44 0.47 0.30
Gemma-3-12B-it 0.77 0.58|0.58 0.67 0.78 0.85 0.84 0.31 0.62 0.65 0.81 0.78 0.85 0.41 0.69 0.55 0.84 0.44 0.88 0.55
InternVL-3-8B 0.70 0.59]/0.58 0.61 0.73 0.72 0.76 0.45 0.54 0.65 0.61 0.74 0.76 0.54 0.71 0.51 0.75 0.50 0.86 0.57
Qwen-2-VL-72B-Instruct [ 0.71 0.53]0.41 0.50 0.60 0.61 0.85 0.44 0.69 0.57 0.69 0.70 0.83 0.45 0.65 0.55 0.79 0.50 0.88 0.44
Gemma-3-4B-it 0.64 0.61|0.37 0.58 0.73 0.81 0.73 0.50 0.55 0.64 0.39 0.70 0.75 0.57 0.68 0.56 0.75 0.52 0.82 0.60
Qwen-2.5-VL-7B-Instruct [ 0.49 0.28|0.18 0.18 0.35 0.36 0.64 0.22 0.44 0.39 0.34 0.31 0.61 0.24 0.55 0.26 0.61 0.23 0.71 0.29
InternVL-2.5-8B 0.46 0.45|0.32 0.48 0.48 0.52 0.50 0.37 0.42 0.51 0.34 0.59 0.54 0.39 0.48 0.38 0.50 0.36 0.59 0.45
Qwen-2-VL-7B-Instruct 0.20 0.18|0.15 0.20 0.20 0.28 0.15 0.09 0.11 0.13 0.10 0.19 0.18 0.12 0.10 0.07 0.17 0.11 0.60 0.43
Open-sourced Multimodal Process Reward Models

URSA-RM-8B 0.46 0.46|0.23 0.23 0.50 0.50 0.65 0.65 0.31 0.31 0.10 0.10 0.64 0.64 0.55 0.55 0.64 0.64 0.53 0.53
MM-PRM 042 042|0.16 0.16 0.16 0.16 0.65 0.65 0.31 0.31 0.13 0.13 0.66 0.66 0.50 0.50 0.61 0.61 0.58 0.58

Table 5: Full results with precision and recall under different error type.
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Figure 11: Best-of-16 Regression Analysis on M3COT
(OOD).
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Figure 12: Best-of-16 Regression Analysis on GEO3K
(OOD).

E.4 Ablation Experiment

To investigate MLLMs’ ability of critique gener-
ation, we firstly conduct an ablation experiment
in which error descriptions are withheld from the
models during the error detection procedure. Ta-
ble 6 shows with the exception of internVL-3-8B,

the overall accuracy of models with fewer than
27 billion parameters exhibited a general increase.
Conversely, larger models tended to demonstrate a
decline in performance. We hypothesize that this
phenomenon may be attributed to the challenges
smaller models face in recognizing error descrip-
tions, which complicates their ability to detect er-
ror steps within reasoning chains. In contrast, the
larger models, while possessing greater knowledge,
may encounter increased noise in the information
they process when identifying errors. However,
when error descriptions are provided, these larger
models appear to make more informed decisions.
We also observe a noteworthy phenomenon con-
cerning the error types of Empirical Soundness
(ES), Step Consistency (SC), and Confidence In-
variance (CI), wherein most MLLMs demonstrate
improved performance in the absence of provided
error descriptions. Additionally, we find that non-
redundant error steps are particularly challenging
for MLLMs to detect. We infer that this difficulty
may stem from the nature of redundant steps, which
typically do not directly influence the final answer
or subsequent reasoning processes. Unlike circular
logic, which involves the repetition of previous rea-
soning steps, redundant steps do not reiterate prior
thought processes, making them more susceptible
to evasion by MLLMs.

Simultaneously, these models are required to
generate critiques including predictions of error
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Model | Overall NR.  NCL.

SC. DC. CL PS. DR. VP.

InternVL.3.78B 023 005 040 015 040 039 019 013 013 0.8
(008) (-021) (-0.12) (+0.03) (-0.00) (-0.30) (+0.04) (-0.00) (-0.01) (+0.18)

020 003 030 011 040 045 015 010 010  0.16

InternVL-2.5-78B (0.09)  (-023) (-020) (-0.06) (+0.08) (-0.19) (+0.02) (-0.07) (-0.06) (+0.16)
Gemma 327t 029 013 044 038 050 025 020 025 023
0.00)  (-0.06) (-0.03) (+0.09) (+0.17) (-0.20) (+0.05) (+0.01) (+0.04) (+0.23)

024 005 032 020 041 042 024 014 016 021

Qwen-2.5-VL-72B-Instruct | 040 (021)  (0.19) (+0.10) (+0.03) (-021) (+0.11) (+0.05) (+0.05) (+0.21)
Gemma3. 2Bt 025 009 040 011 040 063 014 011 013 0.9
(+0.01)  (-0.12)  (-0.03) (+0.07) (+0.19) (-0.06) (+0.06) (+0.01) (+0.05) (+0.19)

InternVL.3.8B 019 013 040 007 029 042 009 010 007  0.13
(002)  (0.10) (-0.02) (-0.00) (+0.11) (+0.01) (-0.04) (-0.00) (-0.05) (+0.13)

019 003 031 014 032 037 014 010 011 0.3

Qwen-2-VL-72B-Instruct | 000 (0.07) (+0.03) (+0.08) (+0.04) (-0.18) (+0.06) (+0.06) (+0.02) (+0.13)
Gemma34Bit 015 005 026 011 019 025 013 011 010  0.I1
(+0.01)  (+0.02) (-0.12) (+0.04) (+0.02) (+0.13) (+0.04) (+0.01) (+0.02) (+0.11)

008 001 022 003 016 014 003 002 002 005

Qwen-2.5-VL-TB-Instruct | 1) (003) (+0.05) (+0.01) (+0.04) (-0.12) (0.00) (-0.00) (-0.00) (+0.05)
InternVL2.5.8B 014 003 020 004 031 041 008 004 004 009
' (+0.05)  (0.04) (0.00) (-0.01) (+0.22) (+0.32) (+0.02) (-0.01) (-0.01) (+0.09)
Owen2-VL-7B-Instruct 006 002 014 003 007 003 006 004 003 008
(+0.04)  (+0.01) (#0.10) (+0.03) (+0.06) (+0.02) (+0.05) (+0.04) (+0.02) (+0.08)

Table 6: Accuracy comparison between models that self-detect error types versus those using pre-provided types,
with A values shown in parentheses indicating performance change from baseline.

types and the rationale behind these errors, as pre-
sented in Table 7. In comparison to the results
shown in Table 6, the MLLMs exhibit superior
capabilities in error detection relative to the iden-
tification of error steps. Notably, Gemma-3-27B
demonstrates the highest performance, achieving
an overall accuracy of 0.38 in error type detection.
Similar to the main experimental results, models
face great difficulties in predicting DR error. With
regard to the correlation between error type classifi-
cation and the accuracy of erroneous step identifica-
tion in Table 8, we observe that non-circular logic
(NCL) exhibits a slight negative relationship be-
tween error detection and error step detection. Con-
versely, non-redundant (NR) errors, which share
similarities with NCL, demonstrate the highest cor-
relation between these two metrics. Through our
case study, we discover that, in the absence of error
descriptions, NR and NCL errors are challenging
to identify. Specifically, many NR errors are mis-
classified as NCL errors, even though the models
are still capable of detecting the erroneous steps.

F Prompt Templates

We generate error steps using a one-shot prompt as
shown in Figure 15 based on verified cot sequences
constructed using prompt in Figure 14. In the main
experiment, we utilize an one-shot prompt, as illus-

trated in Figure 16, for the evaluation of general
models. For the assessment of multi-modal PRMs,
we directly input the reasoning chain without ad-
ditional prompts. Additionally, for the evaluation
of downstream tasks, we implement the prompts
depicted in Figure 17, enabling the models to score
each response across nine distinct dimensions.
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Model Overall NR. NCL. ES. SC. DC. CI. PS. DR. VP
InternVL-3-78B 0.34 0.14 040 051 041 032 028 022 0.14 0.67
InternVL-2.5-78B 0.32 0.10 047 054 036 029 024 0.14 0.11 0.62
Gemma-3-27B-it 0.39 046 021 074 044 030 049 025 0.13 0.3
Qwen-2.5-VL-72B-Instruct 0.25 0.14 0.18 036 043 024 0.12 0.19 0.09 0.53
Gemma-3-12B-it 0.36 027 022 078 027 029 044 035 0.18 045
InternVL-3-8B 0.31 057 073 053 035 0.14 005 0.03 0.03 040
Qwen-2-VL-72B-Instruct 0.31 0.08 048 073 0.16 030 0.18 0.20 0.06 0.57
Gemma-3-4B-it 0.25 055 039 028 022 0.12 026 0.13 0.09 0.23
Qwen-2.5-VL-7B-Instruct 0.20 0.06 048 036 044 0.03 004 0.05 0.08 0.25
InternVL-2.5-8B 0.21 0.17 030 026 056 0.06 0.13 0.07 0.07 0.27
Qwen-2-VL-7B-Instruct 0.19 0.06 089 036 008 0.01 004 0.03 002 021

Table 7: Error type classification accuracy. The model’s performance in correctly identifying error types before
generating the corresponding error steps.

Correlation Type NR. NCL. ES. SC. DC. CL PS. DR. VP  Avg
Spearman Correlation | 0.872 -0.418 0.455 0.253 0.545 0.708 0.732 0.680 0.689 0.502
Pearson Correlation 0.790 -0.437 0475 0472 0.752 0.647 0.677 0.592 0.758 0.525
Somers’ D 0.812 -0.288 0.333 0.212 0.481 0.574 0.580 0491 0.537 0415

Table 8: The correlation between error type classification and erroneous steps identification accuracy.
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& Process Reward Annotation Tool
Annotation Instructions:
Please carefully read the original steps and modified steps, and evaluate them:

@ original Step Quality Assessment:
o Correct: No calculation errors, logical reasoning is basically sound, reasoning process is consistent with final result

o Incorrect: Contains calculation errors, logical conflicts, or reasoning process is inconsistent with result

@ Modified Step Assessment:

o

Reasonable: Referring to modification rationale and error steps, the step modification is reasonable and matches the error description
o Unreasonable: Modification is unreasonable, modification does not match error description

o Also please select the difficulty level of this step (Easy/Medium/Hard)

o

Easy: The process clearly indicates this step has errors, and total error steps <3

o

Medium: The process clearly indicates this step has errors, and total error steps > 3

o

Hard: Does not clearly indicate this step has errors
Overall Progress Current Sample Progress Sample Navigation
Overall Progress: 0/7408 (0.0%) Current Sample: 0/1 (0.0%) Sample 1/ 7408

[ | sample Information ~» Solution Annotation
o ID: mmKI2_test_domain_inconsistency_0 @ original Step

o Source: MMKI12

o Error Type: domain_inconsistency ORIGINAL Step Select applicable features

o Error Description: Domain inconsistency is a special type of

Step 1. Analyze each geometric solid to determine their views. The cube (1) has identical side views because all sides are
counterfactual. It refers to a step within the reasoning chain that

uses a statement or theory valid in other domains or cases but is not squares. ) o ) )
valid within the current reasoning chain. Your task is t modify the Step 2. The cylinder (2) has two identical circular views when viewed from the top or bottom, and a rectangular view from the
reasoning process to introduce such domain inconsistency steps. side
Step 3. Consider the cone (3). It has a single circular view from the top and a triangular view from the side."
? Question Step 4. For the sphere (4), it has identical circular views from any angle since all views are circles."

Step 5. The requirement is to find a pair of solids with two identical views and another different one. From previous analysis, the
cylinder (2) fulfills this with two identical views, and cone (3) has different views in top and side perspective."

Step 6. The option that pairs cylinder and cone is B: 2.3."

Step 7. Therefore, after verifying the views, option B correctly satisfies the conditions with cylinder and cone.

Question Content

Among the following geometric solids, the one that has two
identical views and another different one is ()

A.12.
B.23.
C.2.4. Original Step Quality Assessment
D.3.4.
Correct Incorrect
= Image @ Modified Step
(3 Problem Image 2
MODIFIED Step Select applicable features

7 Modification Rationale

Step 2 introduces a domain inconsistency by using a principle from physics that is irrelevant in the context of geometric shapes. The idea that
forces applied in different directions lead to different outcomes, relevant in physics but not applicable to the analysis of geometric solids' views, is

! l ‘ used improperly here.

VER® 2| 3mn am Step 1. Analyze each geometric solid to determine their views. The cube (1) has identical side views because all sides are squares.
Step 2. According to physics, forces applied in orthogonal directions usually result in different observable properties. This
principle suggests that distinct views may result from non-identical applied forces.

Step 3. The cylinder (2) has two identical circular views when viewed from the top or bottom, and a rectangular view from the
side.

Step 4. Consider the cone (3). It has a single circular view from the top and a triangular view from the side.

Step 5. For the sphere (4), it has identical circular views from any angle since all views are circles.
Reference Answer Step 6. The requirement is to find a pair of solids with two identical views and another different one. From previous analysis, the
cylinder (2) fulfills this with two identical views, and cone (3) has different views in top and side perspective.
Correct Answer and Error Steps Step 7. The option that pairs cylinder and cone is B: 2.3.
5 Step 8. Therefore, after verifying the views, option B correctly satisfies the conditions with cylinder and cone.
[2.0]

Step Quality

Reasonable Unreasonable

Difficulty Assessment

Easy Medium Hard

Previous & skip % Export Data

&J Next m Save Annotation nl View Statistics

Use via API « - Built with Gradio & - Settings ¢

Figure 13: UI for manual annotation.
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You are a helpful AI assistant that is very good at reasoning and
data construction. Please solve the following problems step by steps.

Requirements:

Each step must reveal your reasoning process, not just calculations
Explain WHY you choose each operation, not just WHAT you're doing
Connect each step logically to the next one

For visual elements, explain how they inform your reasoning

State any assumptions you make and why

If using formulas, explain why they are applicable

Show your verification process in the final step

Must follow the exact array format with steps in quotes

List your thinking step as the following output format.

Final answer must be in the format "[[Answer]] <result>"

OQutput format:

L

"Step 1. [thinking step 11",

"Step 2. [thinking step 21",

"Step 3. [thinking step 31",

"Continue with additional reasoning steps...",
1,

[[Answer]] <final result>

# Example:

Input:

What can we infer from the image? A The plane is American made. B The

fence hides the plane from the public. C The plane is preparing to

take off. D The plane is being repaired.

Qutput:

L
"Step 1. By looking at the image, we can see a commercial
airline sitting on a runway with the American flag on its side
"Step 2. This indicates that the airline is American based.”,
"Step 3. Additionally, we can see a fence in the background
running across a field, which indicates the property line for
the airfield.”,
"Step 4. By combining the image, we can infer that the plane is

taking off from an American airfield."”,

"Step 5. Therefore, option A and B are incorrect.”,
"Step 6. Finally, because the plane is sitting on the runway
and not being repaired, option D is also incorrect.",
"Step 7. Therefore, the correct answer is C) The plane is
preparing to take off.”

]

[LAnswer]] C

# Instruction:
Question: {query}

Figure 14: Promféfe?3COT generation.



You are a helpful AI assistant that is very good at reasoning and

data construction. Now I want to test the ability of process-level
reward models to judge whether a step within reasoning process is
correct. To do this, please help me build flawed cases by introducing
specific types of errors into a given reasoning process.

You will be provided with:

1. A mathematics problem.

2. A image with necessary information for the problem.

3. Its standard correct answer.

4. A correct step-by-step reasoning process used to solve it.

Your task is to adjust one or more steps, or introduce additional

steps into the original process chain to create a reasoning process

that appears plausible but is incorrect. The objective is to simulate
flawed solutions by incorporating the specified error detailed after
"### Error Type to Introduce'

### Error Type to Introduce

{error_description}

Please provide the error steps of modified solution steps with added
redundant steps clearly indicated.

# OQutput Format:

[[reason]] [reason for modification]
[[modified_process]] [

"Step 1. [thinking step 11",

"Step 2. [thinking step 21",

"Step 3. [thinking step 31",

"Continue with additional reasoning steps...",
]

[[modificed_steps]] [number of modified steps]
[Cerror_steps]] [number of error steps]

Detailed Requirements:

1. reason: A clear explanation of the modifications made, why they
were introduced, and how they align with the specified error types.
2. modified_process: A non-empty list of strings representing the
reasoning process after your modifications.

3. modified_steps: A non-empty list of integers indicating the
indexes of all modified steps. Indexing starts at 1.

4. error_steps: A non-empty list of integers representing the steps
that contain hallucinations or errors. These should also be part of
modified_steps.
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### Notes:

1. Ensure all lists are non-empty.

2. Use LaTeX format for all mathematical symbols (e.g., $x72%$ for $x$
squared). Do not use Unicode symbols such as \u2248 or \u@of7.

3. All indexes start from 1 and must be an integer, that is, the
first step's index is 1, not 0.

4. You can choose to modify the question or not, if the question
remains the same, you can copy the original question. But if the

question is modified, ensure that the steps is judged based on the

modified question.

5. Please give original process as provided by the prompt, do not

modify it.

### Example:

{example}

# Instruction:

Question: {query}
Original Steps: {steps}
Correct Answer: {answer}

Figure 15: Prompt for error steps creation.
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You are a logical reasoning evaluator that analyzes chains of
reasoning for errors. Your task is to:

- Review each step in the provided reasoning chain

- Identify the indices (step numbers) where errors occur

- The specific error type will be described in "Error description”
- Present your findings as a list of step indices

### Example

Input:

Question: What can we infer from the image?
A. The plane is American made

B. The fence hides the plane from the public
C. The plane is preparing to take off

D. The plane is being repaired

Steps:

1. By looking at the image, we can see a commercial airline sitting

on a runway with the American flag on its side.

2. This indicates that the airline is American based.

3. Additionally, we can see a fence in the background running across

a field, which indicates the property line for the airfield.

4. By combining the image, we can infer that the plane is taking off
from an American airfield.

5. Therefore, option A and B are incorrect.

6. Finally, because the plane is sitting on the runway and not being
repaired, option D is also incorrect.

7. Now, since because the plane is sitting on the runway and not
being repaired, option D is also incorrect.

8. Therefore, step 1 indicates the airline is American based.

9. Therefore, the correct answer is C) The plane is preparing to take
of f.

Error description:

Circular logic is a specific form of redundancy, characterized by a
reasoning chain that starts at a step $ S $, progresses through a
sequence of steps, and ultimately loops back to $ S $. Symbolically,
this can be expressed as $ S \\to A \\to B \\to S $, where $ S $, $ A
$, and $ B $ represent individual reasoning steps. Your task is to
find out redundant steps in the reasoning chain..

Qutput:

[[Reason]] Steps 7 and 8 introduce circular logic by revisiting
previous conclusions and re-evaluating them unnecessarily. By
returning to Step 1 as part of the rationale, the process loops back
to an earlier point without adding substantive content, creating
circular reasoning. Step 8 is a rephrased iteration of Step 2's logic
, exacerbating the circular error.

[[Error_Stepl] [7,8]

Question: {Question}
Steps: {reasoning steps}

Error Description: {error descripsbd8}

Figure 16: Prompt for error steps evaluation with error type.



You are a mathematical reasoning evaluator specialized in detecting
reasoning flaws and logical errors. Your task is to evaluate
mathematical problem-solving answers and provide structured
assessments in JSON format.

For each solution step, evaluate the following dimensions on a scale
of @ to 5 (higher scores indicate better quality):

1. Non-Circular Logic:

* 5: Zero instances of circular reasoning

* 4: 1 minor circular reference that doesn't affect the final result
* 3: 2-3 circular references with partial mathematical justification
* 2: 4-5 circular references affecting solution quality

* 1: 6-7 circular references forming major logical issues
* @: More than 7 circular references or complete dependency on
circular logic

2. Empirical Soundness:

* 5: Zero counterfactual statements

* 4: 1 minor imprecision without impact on solution

* 3: 2-3 questionable assumptions

* 2: 4-5 deviations from established theorems

* 1: 6-7 major mathematical misconceptions

* @: More than 7 contradictions of fundamental facts

3. Step Consistency:

* 5: Zero logical gaps between steps

* 4: 1 minor logical gap with clear implied connection

* 3: 2-3 inconsistencies between steps

* 2: 4-5 contradictions between steps

* 1: 6-7 major logical breaks

* @: More than 7 direct contradictions between steps

4. Non-Redundancy:

* 5: Optimal solution path with zero redundant steps

* 4: 1 redundant step that could be eliminated

* 3: 2-3 unnecessary steps

* 2: 4-5 redundant operations

* 1: 6-7 redundant steps making solution unclear

* @: More than 7 redundant steps obscuring core solution
5. Domain Consistency:

* 5: Zero domain transfer errors

* 4: 1 minor domain boundary issue

* 3: 2-3 inappropriate domain applications

* 2: 4-5 significant domain misapplications

* 1: 6-7 major domain confusion instances

* @: More than 7 complete domain mismatches

44699



6. Confidence Invariance:

* 5: Zero instances of misaligned confidence

* 4: 1 slightly overconfident/underconfident statement
* 3: 2-3 notably misaligned confidence statements

* 2: 4-5 significant confidence-accuracy mismatches

* 1: 6-7 severely overconfident wrong statements

* @: More than 7 completely misaligned confidence statements
7. Prerequisite Sensitivity:

* 5: All conditions stated

* 4: Missing 1 minor condition

* 3: Missing 2-3 important conditions

* 2: Missing 4-5 significant conditions

* 1: Missing 6-7 critical conditions

* @: Missing more than 7 fundamental conditions

8. Deception Resistance:

* 5: No misleading element found

* 4: 1 minor misleading element without impact

* 3: 2-3 subtle traps or misleading steps

* 2: 4-5 significant deceptive elements

* 1: 6-7 highly misleading components

* @: More than 7 deliberately deceptive steps

9. Visual Score:

* 5: Accurately identifies all key visual elements

* 4: Missing partial details in the image

* 3: Extract image information with 1-2 mistakes

* 2: Extract image information with 3-5 mistakes

* 1: Extract image information with more than 5 mistakes
* @: Cannot see the image

10. Accuracy Score:

* 5: 100% mathematically correct with perfect final answer and
reasoning steps

* 4: 1 minor error in reasoning steps but still get correct final
answer

* 3: 2-3 calculation errors and final answer in reasoning steps but
final answer is correct.

* 2: 4-5 mathematical mistakes and final answer is wrong.

* 1: More than 5 major errors and final answer is wrong.

* @: The answer and reasoning steps are not related to the question.

Requirements:

- Provide scores as integers from @ to 5

- Provide brief explanations for each score

- Consider both mathematical correctness and reasoning quality

- Each evaluation should include specific examples or references to
the solution steps being analyzed before your final evaluation scores
- Return final evaluation scores in strict JSON format with arrays
for each dimension
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Output Format:

Score Explaination: explaination,

{{
"Non-Circular Logic": score,
"Empirical Soundness”": score,
"Step Consistency”: score,
"Non-Redundancy"”: score,
"Domain Consistency”: score,
"Confidence Invariance”: score,
"Prerequisite Sensitivity": score,
"Deception Resistance”: score,
"Visual Score”: score,
"Accuracy": score,

13

Question: {query}
Answer: {answer}

Figure 17: Prompt for downstream task.

44701



Q

P Nn

Question: In $\\odot S$, $m \\widehat {PQR}=98$, Find $m \\widehat {PQ}$.

Reasoning Steps:

Step 1. We start by analyzing the given information. We know that $m \\\\widehat {PQR} = 983, which
indicates the measure of the central angle subtended by arc $PR$ at the center of the circle $\\\\odot
S$. We're asked to find $m \\\widehat {PQ}$, which represents the measure of arc $PQ$.",

Step 2. We observe that $T$ is a point on the line segment $\\\\overline{QR}$ where $QT$ is
perpendicular to $\\\\overline{ST}$ as indicated by the right angle symbol in the diagram. This
perpendicularity suggests that $QT$ is a radius of the circle, confirming that $S$ is the center of the
circle.",

Step 3. Central angle $\\\\angle PQR = 98"\\\\circ$ corresponds directly to the arc $PR$. In a circle, the
measure of a central angle is equal to the measure of the intercepted arc. Therefore, $m \\\
\overarc{PR} = 98™\\\\circ$.",

Step 4. Assuming $PTQ$ as a right angle, since $T$ is on line $\\\\overline{QR}$, angle $PTQ$
provides involvement of an angle bisector at point $T$. Even though the angle "$PTS$' is misidentified
as a simple perpendicular instead of a bisector, indicating incorrect angle interpretations.”,

Step 5. Thereby, $m\\\\widehat{PQ}$ is considered not as half due to error in bifurcation understanding
of angle at the semicircle. Incorrectly assuming impact of semicircle splitting through bisector
misreading leads to wrong application of a right angle.”,

Step 6. An incorrect assumption that arc $PQ$ being half, misled by a 90-degree bisector
acknowledgment. Contrarily, $m \\\widehat{PQ} = \\\\frac{1}{2}(m \\\widehat{PQR}) = \\\frac{1}{2}(98)
= 49"\\\circ$, mistakenly staged. However, should've been left correctly as it was the full arc
appropriately estimated without half-dealings.",

Step 7. Therefore, introducing arc splitting error concept leads $m \\\widehat{PQ}$ halved based on
misled unwanted bisecting concept to yield $49™\\\circ$ unintentionally matching option choice.

Answer: 49

Ground Truth Error Steps: 4,5,6

I
|
| Ground Truth Reason: To introduce a counterfactual step into the original reasoning process, |

1 modified steps 4, 5, and 6 to incorrectly interpret the relationship between the arcs and angles within
1 the circle. Instead of correctly using $m \\widehat{PQR}$ as an indication for simply considering the

. central angle's role, the adjusted steps incorrectly assume unnecessary divisions within the circle and
: misapply the angle bisector's position. This leads to presenting a wrong conclusion, dithering away

1 from the central understanding that $m \\widehat{PQR}$ directly informs us about the whole arc

. $PR$ instead of wrongly implying arc splitting.\n"

I

I

I

Ground Truth Error Type: Counterfactual

Predicted Error Steps: 4,5,6

Predicted Reason: "The reasoning contains a step contradiction and a domain inconsistency. In Step
4, the assumption that $PTQ$ is a right angle and the misidentification of $PTS$ as a bisector
introduces incorrect angle interpretations. This leads to an incorrect application of the bisector
concept in Step 5 and Step 6, where the arc $PQ$ is incorrectly assumed to be half of the central
angle $PQR$. The correct approach should not involve halving the central angle without proper
justification, as the central angle directly corresponds to the arc measure."

Predicted Error Type: Step Contradiction

Figure 18: Case study suggests that while models might predict correct error steps but can fail to predict correct
error type.
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