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Abstract

Recent advances in Vision-Language Models
(VLMs) have improved performance in multi-
modal learning, raising the question of whether
these models truly understand the content they
process. Crucially, can VLMs detect when a
reasoning process is wrong and identify its er-
ror type? To answer this, we present MMErroR,
a multi-modal benchmark of 1997 samples,
each embedding a single coherent reasoning er-
ror. These samples span 24 subdomains across
six top-level domains, ensuring broad coverage
and taxonomic richness. Unlike existing bench-
marks that focus on answer correctness, MMEr-
roR targets a process-level, error-centric evalua-
tion that requires models to detect incorrect rea-
soning and classify the error type within both
visual and linguistic contexts. We evaluate 12
representative VLMs, and even the best model,
Gemini-3-Pro-Preview, classifies the error cor-
rectly in only 66.65% of cases, underscoring
the challenge of identifying erroneous reason-
ing. Furthermore, the ability to accurately iden-
tify errors offers valuable insights into the ca-
pabilities of multi-modal models. Project Page:
https://mmerror-benchmark.github.io

1 Introduction

The rapid advancement of large multi-modal mod-
els has led to substantial progress in unified rea-
soning across vision and language, pushing per-
formance (Alayrac et al., 2022; Team et al., 2023)
on various multi-modal tasks closer to or surpass-
ing in certain benchmarks (Hurst et al., 2024; Yue
etal., 2024). These improvements create an impres-
sion that large multi-modal models are approach-
ing a robust, human-like understanding of cross-
modal content, a perception further reinforced by
their growing deployment in real-world applica-
tions such as educational assistants, medical imag-

*These authors contributed equally to this work.
Corresponding author.

ethanwangjc@163.com
zhiqgihuang@pku.edu.cn

Benchmarks Multi-Modality Multi-Domain Categorize

ProcessBench (Zheng et al., 2025) X X X
PRISM-Bench (Fang et al., 2025) v X X
ErrorRadar (Yan et al., 2024) v X X
MMErroR (ours) v v (4

User Query H:igehl

Please calculate the a

area of this triangle. Base

b=10

Step 1

Identify triangle structure.

Step 2 Extract Base = 10, Height = 6. ( @

'~ <
>

(0D,
‘// MMErroR Diagnosis
Error Label: Knowledge Deployment Error

Rationale

The model correctly identified values but used
the wrong formula (missing the 0.5 multiplier).

Figure 1: Comparison with existing error localization
benchmarks. A sample from MMErroR illustrates an
erroneous reasoning chain where the model is required
to both detect and classify the error type.

ing analysis, and autonomous systems (Liu et al.,
2023; Tu et al., 2024, Zitkovich et al., 2023).

Despite this progress, a fundamental question re-
mains: Do these models genuinely understand the
meaning between visual and textual content, or are
they merely generating statistically plausible yet
superficial associations through pattern matching?
Moreover, if presented with an erroneous reasoning
chain about the same multi-modal scene, can the
model not only detect the error but also pinpoint
its cause and type? As shown in Figure 1, existing
benchmarks for error localization focus primarily
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Figure 2: Comparison of different VLMs across various task domains and four error types: Visual Perception Error
(VPE), Reasoning Error (RE), Question Comprehension Error (QCE), and Knowledge Deployment Error (KDE).

on identifying which step in the reasoning process
is incorrect, offering limited insight into the na-
ture of the failure. In contrast, classifying the error
type enables a diagnostic understanding of why
the model went astray: whether due to a break-
down in visual grounding, a logical inconsistency,
a factual hallucination, or a computational mistake.
Each type of error reflects a distinct weakness in
the model’s multimodal comprehension pipeline.
Thus, a deep evaluation of a model’s ability to di-
agnose reasoning errors serves as a litmus test for
genuine multi-modal understanding.

To address this gap, we introduce MMErroR
(Multi-Modal Error Reasoning Benchmark), a
benchmark designed to evaluate the VLM’s abil-
ity to diagnose multi-modal erroneous reasoning.
MME-rroR comprises 1,997 meticulously curated
samples distributed across several core reasoning
domains: Data & Analytics (DA), Physics & Engi-
neering (PE), Chemistry & Materials (CM), Earth
& Environment (EE), Biology & Healthcare (BH),
and Mathematics & Logic (ML). Every sample
contains a coherent Chain-of-Thought (Wei et al.,
2022) into which a representative error has been
injected. To enable unambiguous root-cause attri-
bution, each chain is constructed to contain exactly
one error. The models are required to determine
whether to invoke an error label and, if so, iden-
tify its precise type. This controlled design yields
fine-grained insights into model weaknesses and
should be interpreted as a stress-test of error diag-
nosis rather than a full calibration benchmark over
a natural mixture of correct and incorrect chains.

To ensure a rigorous assessment, we design two

distinct evaluation modes: Error Type Classifica-
tion (ETC) and Error Presence Detection (EPD). In
the first mode, we explicitly inform the model that
an error exists and prompt it to classify the error
type. In the second mode, the model is required to
first decide whether to invoke an error label before
diagnosing it. Because the current release contains
only erroneous reasoning chains, this second set-
ting should be interpreted as a controlled stress-test
of error sensitivity and attribution rather than a full
calibration benchmark. As shown in Figure 2, the
evaluation of 12 representative VLMs reveals that
these tasks remain challenging. Even the most ca-
pable model in our study, Gemini-3-Pro-Preview,
successfully identifies the error type in only 66.65%
of cases, with performance on fine-grained error
classification remaining substantially below human
performance. This result underscores a notable gap
between the generative capability of current models
and their capacity for introspective verification.

In summary, our key contributions are as fol-
lows:

* We propose MMErroR, a benchmark designed
specifically for error-type evaluation of multi-
modal reasoning, enabling fine-grained assess-
ment of whether models can detect and di-
agnose flawed reasoning in vision-language
contexts.

* Through a comprehensive empirical evalua-
tion of 12 representative VLMs, we reveal that
current models struggle significantly with in-
trospective error detection and classification,
uncovering a critical gap in their ability to
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achieve trustworthy self-oversight in multi-
modal reasoning.

* We conduct in-depth diagnostic analysis to
uncover key factors influencing erroneous
reasoning in multi-modal learning, such as
modality misalignment, logical inconsistency,
and perceptual over-reliance, providing action-
able insights for future model improvement.

2 MMErroR

2.1 Task Classification

In MMErroR, we design two complementary eval-
uation tasks to assess a model’s ability to detect
and diagnose errors in multi-modal reasoning pro-
cesses. Together, these tasks evaluate whether a
model can explicitly invoke an error label under
controlled erroneous conditions and, if so, correctly
identify its underlying cause.

Error Type Classification (ETC) Given an im-
age, a corresponding question, and a complete rea-
soning chain that is guaranteed to contain exactly
one error, the model is required to identify the spe-
cific error type from a predefined taxonomy. The
error types include: Visual Perception Error, in-
volving incorrect visual grounding such as object
misidentification, misinterpretation of spatial re-
lations, or erroneous reading of symbols and dia-
grams; Knowledge Deployment Error, arising from
misuse or misapplication of external knowledge,
such as incorrect physical laws, mathematical for-
mulas, or domain-specific concepts; Question Com-
prehension Error, caused by misunderstanding the
intent of the question, overlooking key constraints,
or incorrectly interpreting the required target; and
Reasoning Error, which includes logical fallacies,
missing premises, invalid inference steps, or inter-
nal inconsistencies in the reasoning process.

Error Presence Detection (EPD) Under the
same input setting, the model must first determine
whether to select “No Error” or “Error Present” for
the provided reasoning chain. If the model pre-
dicts that an error is present, it must then determine
the type of the error. Because the current release
of MMErroR contains only erroneous reasoning
chains, EPD is intended as a controlled stress-test
of error sensitivity and attribution rather than a full
calibration benchmark on mixed correct and incor-
rect chains.

2.2 Benchmark Construction

In this subsection, we detail the construction of
MMErroR. The process is organized into four main
steps.

Problem Curation To ensure both broad domain
coverage and targeted evaluation of multi-modal
reasoning, MMErroR sources its initial image—
question—answer triplets from a set of established
benchmarks, including MMMU (Yue et al., 2024),
MathVista (Lu et al., 2023), MathVerse (Zhang
et al., 2024), ScienceQA (Lu et al., 2022), and
AI2D (Kembhavi et al., 2016). These benchmarks
are widely adopted in vision—language evaluation
and remain challenging for current models, pro-
viding a reliable foundation for constructing non-
trivial reasoning instances.

To avoid over-representation of any single do-
main, we apply stratified sampling to balance the
number of instances across domains. In addition,
we perform a complexity-aware filtering step that
removes overly simple or low-information samples,
retaining only instances that require multi-step rea-
soning and substantive cross-modal inference. This
design ensures that MMErroR emphasizes chal-
lenging reasoning scenarios rather than surface-
level perception or pattern matching. Details of the
filtering procedure are provided in Appendix A.

Error Injection To construct erroneous reason-
ing chains while maintaining control and realism,
we adopt a hybrid generation strategy. For each
curated instance, GPT-5 (OpenAl, 2025a) is used
to inject a single, contextually coherent error into
an otherwise plausible reasoning chain, under ex-
plicit generation constraints (see Appendix B). We
intentionally enforce a single root-cause error per
chain to obtain unambiguous diagnostic labels. Al-
though real-world reasoning failures may involve
cascaded mistakes, allowing multiple interacting er-
rors would substantially confound attribution. The
injected errors are restricted to one of four prede-
fined categories: Visual Perception Error, Knowl-
edge Deployment Error, Question Comprehension
Error, and Reasoning Error. Aside from the in-
jected error, the remaining reasoning steps are re-
quired to be locally coherent and logically valid,
ensuring that each instance reflects a realistic and
non-trivial reasoning failure.

Data Verification To ensure the quality and re-
alism of the generated erroneous reasoning chains,
we employ a rigorous three-round human verifica-
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Figure 3: Detailed analysis of the domain, subdomain, and error-type statistics of MMErroR.

tion protocol. We invited a total of 20 experts (in-
cluding 6 professors in the corresponding domains
and 14 doctoral students) to conduct a 23-day in-
spection on the initial 10,000 samples. During this
period, we ensured that each sample was inspected
by three different experts in three separate rounds.
A reasoning chain is discarded if it satisfies any
of the following conditions: (1) the erroneous rea-
soning is incoherent or irrelevant to the original
question; (2) the assigned error type is incorrect;
(3) the error is ambiguous or plausibly attributable
to multiple error categories. Only samples with
unanimous approval are retained, resulting in 3,929
valid instances in Round 1, 3,239 in Round 2, and
3,148 instances after the third round. The marginal
elimination rate of 2.81% in the final round reflects
an observed agreement of 97.19% (Artstein and
Poesio, 2008), suggesting annotation stability.

Quality Assurance To further ensure the qual-
ity and realism of erroneous reasoning chains in
MMErroR, we apply an additional human scor-
ing and filtering stage. Each generated reasoning
chain is independently evaluated by at least two
linguistics experts along four quality dimensions:
Coherence, Step Clarity, Error Localizability, and
Semantic Consistency. Each dimension is rated
on a three-point scale: —1 (unsatisfactory), 0 (ade-
quate), and 1 (satisfactory). A reasoning chain is re-
tained only if its average score across evaluators ex-

ceeds a predefined threshold of 0.5. This criterion
ensures that retained samples exhibit both a realis-
tic reasoning flow and a well-localized, non-trivial
error. After this scoring-based filtering, a total of
1,997 high-quality erroneous reasoning samples are
retained for final inclusion. This quality assurance
pipeline ensures that MMErroR is both challenging
and reliable for benchmarking multi-modal error
detection and diagnosis. Furthermore, a rigorous
pilot study on a stratified sample of 300 instances
achieved a Cohen’s Kappa of k = 0.796 (Cohen,
1960). These metrics verify the high consistency
of our annotation standards.

2.3 Data Analysis

Figure 3 summarizes the hierarchical composition
of MMErroR. Among the six top-level domains,
Physics & Engineering accounts for the largest
portion of the dataset (22.98%, 459 samples), fol-
lowed by Earth & Environment (19.68%, 393 sam-
ples), Biology & Healthcare (17.88%, 357 sam-
ples), Mathematics & Logic (16.68%, 333 sam-
ples), and Data & Analytics (14.82%, 296 samples),
while Chemistry & Materials constitutes 7.96%
(159 samples). At the subdomain level, the bench-
mark remains distributed across 24 categories, with
Electromagnetism & Waves, Food Webs & Ecosys-
tems, Charts & Data Interpretation, and Human
Anatomy & Disease among the largest groups. At
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the error-type level, Knowledge Deployment Er-
ror is the most prevalent (44.07%, 880 samples),
followed by Visual Perception Error (31.85%, 636
samples), Question Comprehension Error (12.37%,
247 samples), and Reasoning Error (11.72%, 234
samples). On average, questions contain 37.23
words, and erroneous reasoning chains average
94.72 words, indicating non-trivial reasoning con-
texts with multiple intermediate steps. Overall,
this balanced yet challenge-oriented distribution
enables MMErroR to cover diverse multi-modal
scenarios while focusing on process-level reason-
ing failures rather than superficial answer mistakes.

3 Experiment Settings
3.1 Models

We evaluate a representative set of 12 VLMs
and organize them into two groups according to
model accessibility, namely open-weights mod-
els and proprietary models. The open-weights
group includes LLaMA-4-Scout (Meta, 2025b),
LLaMA-4-Maverick (Meta, 2025a), Qwen3-VL-
32B-Instruct (Bai et al., 2025), Qwen3-VL-32B-
Thinking (Bai et al., 2025), GLM-4.6V (Hong et al.,
2025), and Kimi-K2.5 (Team et al., 2026). The
proprietary group includes Qwen-VL-Max (Qwen
Team, 2024), Grok-4 (xAl, 2025), Claude-Opus-
4.5 (Anthropic, 2025), GPT-5.2 (xhigh) (OpenAl,
2025b), Doubao-Seed-2.0-pro (ByteDance Seed
Team, 2026), and Gemini-3-Pro-Preview (Google,
2025). In addition to these models, we report re-
sults for simple baselines (Random Choice) and for
Human Expert (Low/High) performance to assess
the difficulty of MMErroR.

3.2 Implementation and Metrics

We assess model performance using two comple-
mentary evaluation protocols: Error-Type Classifi-
cation (ETC) and Error Presence Detection (EPD).
In both settings, each evaluation instance consists
of an image, a question, and a step-by-step reason-
ing chain. For the ETC task, the chain is guaranteed
to contain exactly one error, and the model must
identify its type from four predefined categories.
For the EPD task, the model must first choose be-
tween “No Error” and “Error Present” and, if it
predicts an error, further classify its type. We em-
phasize that, because MMErroR contains only er-
roneous reasoning chains, EPD does not measure
false-positive behavior on verified clean chains and
is not intended as a full calibration benchmark. In-

stead, it serves as a controlled stress-test of error
sensitivity and attribution under uniformly erro-
neous conditions. An always-error strategy does
not trivially solve EPD, because credit is awarded
only when the model also identifies the correct
error type; such a strategy therefore reduces to
ETC-level performance.

We adopt a multiple-choice format. Models are
prompted to output the label corresponding to their
judgment. To provide a fine-grained analysis, we
report performance across six distinct dimensions:
Data & Analytics (DA), Physics & Engineering
(PE), Chemistry & Materials (CM), Earth & En-
vironment (EE), Biology & Healthcare (BH), and
Mathematics & Logic (ML). We also report the
Macro Average Score (Macro) across these cate-
gories and the Overall Weighted Accuracy (Over-
all). To ensure deterministic and reproducible com-
parisons, we set the decoding temperature to O for
all evaluations.

4 Empirical Results and Analysis

4.1 ETC Evaluation Results

We evaluate performance using the Error Type Clas-
sification (ETC) task. As shown in Table 1, the
following observations can be made:

(1) Proprietary models achieve the strongest
overall performance on ETC. Gemini-3-Pro-
Preview attains the best overall accuracy at 66.65%,
followed by Doubao-Seed-2.0-pro at 64.80% and
GPT-5.2 (xhigh) at 64.30%. Despite this progress,
the gap to Human Expert performance remains sub-
stantial, indicating that fine-grained diagnosis of
erroneous reasoning is still challenging for current
VLMs.

(2) Performance is heterogeneous across do-
mains rather than dominated by a single model.
Gemini-3-Pro-Preview achieves the best results in
ML at 66.37% and in CM at 69.81%, Doubao-Seed-
2.0-pro leads PE at 67.32%, Qwen-VL-Max per-
forms best in BH at 66.39%, Kimi-K2.5 achieves
the top score in EE at 66.67%, and GPT-5.2 (xhigh)
leads DA at 69.59%. This pattern suggests that
error diagnosis in MMErroR depends on multiple
underlying capabilities, including domain knowl-
edge, visual grounding, and procedural reasoning.

(3) Among open-weights models, performance
also varies substantially. Kimi-K2.5 attains the
strongest overall result at 60.19%, followed by
Qwen3-VL-32B-Thinking at 59.29%, and both re-
main competitive with several proprietary models
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ML PE CM BH EE DA Macro Overall
Baselines
Random Choice 22.10 23.62 24.18 24.06 21.50 2553 23.50 23.45
Human Expert (Low) 78.33 75.63 73.75 77.09 7470 76.85 76.06 76.22
Human Expert (High) 91.07 88.65 87.50 90.15 8896 90.18 89.42 89.52
Open-weights Vision-Language Models
LLaMA-4-Scout 43.84 3486 39.62 49.02 2824 4223 39.64 39.06
LLaMA-4-Maverick 42.64 36.17 39.62 50.14 28.50 42.57 39.94 39.46
Qwen3-VL-32B-Instruct 4745 32.68 28.93 58.54 36.64 5135 42.60 43.01
GLM-4.6V 51.05 41.18 37.11 63.87 52.16 5135 4945 50.23
Qwen3-VL-32B-Thinking 59.46 5490 52.20 65.83 60.81 59.80 58.83 59.29
Kimi-K2.5 63.66 55.56 51.57 58.82 66.67 61.15 59.57 60.19
Proprietary Vision-Language Models
Qwen-VL-Max 5345 6536 69.18 66.39 4275 57.09 59.04 58.19
Grok-4 61.56 5556 59.75 6134 59.29 6588 60.56 60.19
Claude-Opus-4.5 62.76 61.00 61.64 57.70 56.74 68.58 61.40 61.04
GPT-5.2 (xhigh) 64.56 63.62 62.26 60.50 65.14 69.59 64.28 64.30
Doubao-Seed-2.0-pro 65.47 6732 61.01 5994 66.16 6622 64.35 64.80
Gemini-3-Pro-Preview 66.37 66.88 69.81 6443 6539 69.26 67.02 66.65

Table 1: Accuracy (%) comparison of baselines under ETC evaluation. The best, second-best, and third-best
vision-language models in each column are highlighted by dark, medium, and light background shades, respectively.
Baseline methods and human experts are excluded from ranking. Within the open-weights and proprietary groups,
models are ordered by Overall accuracy in ascending order.

in selected domains. In contrast, LLaMA-4-Scout,
LLaMA-4-Maverick, and Qwen3-VL-32B-Instruct
remain clearly below the leading group, showing
that MMErroR provides meaningful discrimination
across model families and capability levels.

4.2 EPD Evaluation Results

The Error Presence Detection (EPD) task presents
a more challenging setting than the ETC task, re-
quiring models to first determine whether to in-
voke an error label before attempting to classify
the error type. As shown in Figure 4 and Table 2,
all models exhibit a clear performance drop under
EPD relative to ETC, while the overall ranking re-
mains broadly consistent. Gemini-3-Pro-Preview
attains the best overall accuracy at 61.39% and
the best macro-average at 61.88%, followed by
GPT-5.2 (xhigh) with 58.54% overall accuracy
and Claude-Opus-4.5 with 55.18%. Among open-
weights models, Kimi-K2.5 performs best with an
overall accuracy of 51.63%, followed by Qwen3-
VL-32B-Thinking at 50.43%, showing that com-
petitive open-weights models can retain relatively
strong performance under the more challenging
EPD setting. Domain-wise strengths remain di-

verse in EPD: Gemini-3-Pro-Preview leads ML,
PE, CM, and BH, Claude-Opus-4.5 performs best
in EE, and GPT-5.2 (xhigh) achieves the top score
in DA.

4.3 Analysis of Reasoning Consistency

As shown in Table 3, to examine the relationship
between error diagnosis and question-answering
ability, we construct two evaluation subsets based
on model performance in the ETC task. For each
model, we randomly select 200 samples where it
correctly identified the error type and 200 samples
where it misidentified the error type. We then re-
evaluate the same models on the original VQA task
using only these two subsets. The results reveal a
strong diagnosis—accuracy consistency: when the
model previously diagnosed the error correctly, it
also achieves significantly higher accuracy in an-
swering the original visual question on the same
subset. Conversely, samples that were misdiag-
nosed are strongly correlated with lower VQA ac-
curacy. This pattern indicates that a model’s ability
to pinpoint what went wrong is closely tied to its
underlying comprehension of the problem, which
in turn supports more reliable answer generation in
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Figure 4: Performance comparison of different VLMs on MMErroR. We evaluate and compare performance under
two settings: Error Type Classification (ETC) and Error Presence Detection (EPD).

the original task.

4.4 Analysis of Multi-modal Alignment

A key challenge in multi-modal reasoning is ensur-
ing robust cross-modal alignment between visual
inputs and textual descriptions (Tang et al., 2025).
Inspired by (Neo et al., 2025), we selected sam-
ples from the “Visual Perception Error” category
to investigate why models succeed or fail in such
cases. For the Qwen3-VL-32B-Instruct model, we
perform a visual analysis by extracting the logit
lens of each token at each layer after the text and
image inputs are processed by the VLM.

As shown in Figure 5, in case (a), where the
model successfully identifies the error type, the
relevant text tokens maintain a strong and correct
semantic alignment with the corresponding image
regions (e.g., the token “darkest cone” precisely
attends to the visual cone area). In contrast, in case
(b) where the model fails to detect the error, this
alignment is disrupted. The model extracts irrele-
vant or ambiguous semantic information from the
corresponding image patches (e.g., failing to asso-
ciate the “arrow” token with its correct directional
meaning relative to the objects).

4.5 Exploration of Steps in Reasoning

Prior research on error localization has predomi-
nantly focused on identifying which step in a rea-
soning chain contains an error. In this subsec-
tion, we go beyond step localization and exam-
ine how different levels of error awareness influ-

ence a model’s ability to generate correct answers.
We conduct this auxiliary analysis across multiple
model families using a randomly sampled set of
200 examples from MMErroR. These results are
intended to compare different levels of error aware-
ness under a controlled subset setting, rather than
to be directly compared with the full-benchmark
results in Table 1. As shown in Table 4, we observe
that merely exposing the model to the erroneous
reasoning chain (VQA+Err) yields almost no im-
provement over the baseline (VQA). Annotating the
erroneous step (VOQA+Err+StepKnown) results in
a modest but consistent performance gain across
all models. The most substantial improvement,
however, occurs when the error type is provided
(VOA+Err+TypeKnown), leading to a clear and
objective increase in correction accuracy. Further-
more, we observe that the effectiveness of error-
type guidance varies with model capability. For
the strongest models in Table 4, providing the pre-
cise error type yields the largest gains over both
VQA+Err and VOQA+Err+StepKnown, indicating
that accurate diagnosis provides directly actionable
information for answer correction.

5 Related Work
5.1 Evaluation of Multi-Modal Reasoning

The rapid evolution of Vision-Language Models
(VLMs) has necessitated rigorous benchmarks to
measure their progress. Initial evaluations primar-
ily focused on simple visual question answering
(VQA). More recently, comprehensive benchmarks
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ML PE

CM

BH EE DA Macro Overall

Open-weights Vision-Language Models

LLaMA-4-Maverick 23.12 16.12 7.55 17.09 1221 3041 17.75 18.13
LLaMA-4-Scout 2462 18.74 15.09 18.21 1323 2872 19.77 19.73
GLM-4.6V 2793 2723 2327 3501 2545 3176 28.44 28.74
Qwen3-VL-32B-Instruct  40.84 36.17 27.04 4454 2799 4155 36.36 36.91
Qwen3-VL-32B-Thinking 57.06 46.84 49.69 54.06 4427 52770 50.77 50.43
Kimi-K2.5 56.46 48.58 49.69 5154 49.11 5541 51.80 51.63
Proprietary Vision-Language Models
Qwen-VL-Max 39.04 42.05 42.14 4734 30.28 40.54 40.23 39.96
Grok-4 51.65 4357 4591 50.14 4275 5338 47.90 47.57
Doubao-Seed-2.0-pro 56.16 58.17 56.60 49.86 5344 5338 54.60 54.58
Claude-Opus-4.5 55.26 50.76 47.80 55.74 62.85 55.07 54.58 55.18
GPT-5.2 (xhigh) 60.96 5599 61.64 5126 5929 6588 59.17 58.54
Gemini-3-Pro-Preview 61.86 63.83 66.67 59.94 5649 6250 61.88 61.39

Table 2: Accuracy (%) comparison under EPD evaluation. The best, second-best, and third-best vision-language
models in each column are highlighted by dark, medium, and light background shades, respectively. Within the
open-weights and proprietary groups, models are ordered by Overall accuracy in ascending order.

Model Cor. Incor.
Gemini-3-Pro-Preview 855 745
GPT-5.2 (xhigh) 87.0 715
Doubao-Seed-2.0-pro 85.0 720
Qwen3-VL-32B-Instruct  80.5 71.0
LLaMA-4-Maverick 750 725

Table 3: Experiments on original VQA accuracy (%).
For each model, “Cor.” is evaluated on a randomly
sampled subset of 200 examples for which the model
correctly identified the error type in ETC, while “Incor.”
is evaluated on a randomly sampled subset of 200 exam-
ples for which the model incorrectly identified the error

type.

such as MMMU (Yue et al., 2024), MathVista (Lu
et al., 2023), and MathVerse (Zhang et al., 2024)
have been introduced to evaluate complex reason-
ing capabilities across diverse domains, while re-
lated multimodal tasks have also expanded to tem-
porally grounded video understanding (Xu et al.,
2025; Ma et al., 2025a). However, these bench-
marks typically adopt an outcome-oriented eval-
uation paradigm, focusing primarily on the cor-
rectness of the final answer. While high accuracy
on these tasks suggests strong performance, it of-
ten creates an ambiguity: it is unclear whether
the model genuinely understands the cross-modal
content or is merely relying on superficial pattern
matching. MMErroR departs from this tradition

by shifting the focus from answer correctness to
process-level verification. Instead of merely check-
ing if the result is right, we evaluate whether the
model can discern the validity of the reasoning path
itself, providing a more transparent assessment of
true multi-modal understanding.

5.2 Hallucination and Visual Consistency

Ensuring the reliability of VLMs has led to a signif-
icant body of work on hallucination detection, mit-
igation, and mechanism analysis. Benchmarks like
POPE (Li et al., 2023) and HallusionBench (Guan
et al., 2024), together with related studies on fine-
grained visual perception, causal attention, shallow-
layer attention repair, and attention-sink analy-
sis (Ma et al., 2025b; Zhao et al., 2025; Zhang
et al., 2025, 2026), have been instrumental in un-
derstanding and reducing object-level failures, such
as errors in object existence or attribute description.
While these works effectively target Visual Percep-
tion Error, they often overlook the complexity of
higher-order cognitive failures. Multi-modal rea-
soning requires not only accurate perception but
also the logical integration of visual data with para-
metric knowledge. As defined in our taxonomy,
errors can stem from diverse sources beyond per-
ception, including Visual Perception Error (VPE),
Knowledge Deployment Error (KDE), Reasoning
Error (RE), and Question Comprehension Error
(QCE). MMETrroR provides a broader coverage of
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VQA VQA+Err VQA+Err+StepKnow VQA+Err+TypeKnown

Model

Gemini-3-Pro-Preview 81.0 82.5
GPT-5.2 (xhigh) 80.0 80.5
Doubao-Seed-2.0-pro 80.5 81.5
Qwen3-VL-32B-Instruct 78.5 80.0
LLaMA-4-Maverick 73.0 74.0

84.0 90.5
82.0 89.5
83.0 88.5
82.5 84.5
75.5 76.5

Table 4: Impact of error awareness on correction accuracy, evaluated on a randomly sampled subset of 200 examples
from MMErroR. VQA stands for the original VQA task, Err indicates that the model is additionally provided with
an erroneous reasoning chain in the prompt, StepKnown specifies which step contains the error, and TypeKnown

provides the exact error type classification.

darkest cone 1g G

C sun

error reason

In this image, that central dark conical region is marked

with the label E.
~— | Found Visual Perception Error

water flea

error reason

... with an arrow going upward from the water flea to the
mayfly larvae ... {M

istakenly believes it is correct}

Figure 5: Logit lens visualization for image tokens. (a)
Correct grounding. (b) Incorrect grounding.

these failure modes, requiring models to identify
errors in logic and factual application, not just in
visual grounding.

5.3 Error Localization and Erroneous
Reasoning

Recent research has begun to scrutinize the inter-
mediate steps of reasoning and the relevance of

intermediate evidence to better diagnose model fail-
ures (Ruan et al., 2025; Imani et al., 2026). Existing
benchmarks (Fang et al., 2025; Yan et al., 2024)
represent a shift towards evaluating step-by-step
consistency. These existing benchmarks primarily
focus on Error Localization, identifying which step
in a sequence is incorrect. While localization is
useful, it offers limited insight into why the model
failed. MMErroR distinguishes itself by enforc-
ing ETC. We argue that a robust VLM must be
capable of introspective diagnosis: determining
whether a failure was caused by misinterpreting a
diagram, applying the wrong formula, or a logical
fallacy. Furthermore, beyond ETC, MMErroR also
includes an EPD task, which requires models to
explicitly invoke an error label before attribution
under controlled erroneous conditions.

6 Conclusion

In this paper, we introduce MMErroR, a novel fine-
grained benchmark designed to evaluate the rea-
soning capabilities of VLMs by shifting the eval-
uation paradigm from final-answer correctness to
process-level error diagnosis. MMErroR contains
1,997 samples spanning 24 subdomains across six
top-level domains and supports two core evaluation
tasks: Error-Type Classification and Error Presence
Detection. The current release is a controlled di-
agnostic stress-test built on reasoning chains with
exactly one verified root-cause error. Through eval-
uation of 12 representative VLMs, we find that
even the strongest models exhibit significant limi-
tations in identifying and classifying reasoning er-
rors, with the top performer achieving only 66.65%
overall accuracy. We hope MMErroR can stimulate
further research toward building more reliable and
interpretable multi-modal reasoning systems, while
verified clean chains and multi-error cascades re-
main important future extensions.
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Limitations

Despite the comprehensive design of MMErroR,
several limitations remain. First, our benchmark is
constructed such that each sample contains a sin-
gle, coherent reasoning error. While this isolation
allows for precise diagnostic attribution, real-world
reasoning failures often involve cascading or mul-
tiple simultaneous errors, which are not currently
modeled in this dataset. Second, while we employ a
rigorous multi-stage human verification process to
ensure correctness and quality, the initial erroneous
reasoning chains are generated via model-assisted
synthesis. This reliance may introduce subtle bi-
ases in error patterns or linguistic styles specific
to the generator model. Future work may explore
open-ended generation metrics and multi-error sce-
narios to address these gaps.
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A Complexity-Aware Filtering

We quantify question difficulty with a lightweight
feature vector:

* comparative tokens (<, >, taller, heavier)
* negations (not, never, except)
* numerical quantities

» open-ended wh-words (why, how

steps)

many

* presence of domain-specific formulas (regex
match)

Each feature is z-scored and equally weighted into
a single complexity score:

5
1
score = — E 2.
D “
i=1

To over-sample harder instances while preserv-
ing medium-easy diversity, we fit a Gaussian
N (1, 0%) over all scores and draw 10 000 samples
from the upper-half tail (¢ + 0.50, p+ 20). This
raises the mean complexity from 0.00 to 40.82
while retaining few lower-complexity items for
evaluation robustness.

B Prompt Template

To ensure transparency and reproducibility in con-
structing MMErroR, we detail here the prompts
used to generate erroneous reasoning chains. Each
prompt is carefully designed to elicit plausible yet
incorrect reasoning while maintaining linguistic
coherence and contextual relevance.

ERROR TAXONOMY (CHOOSE EXACTLY ONE)

1. A_Visual_Perception_Error

The model makes a mistake in visually
interpreting the image, such as:

- Misreading text or numbers (OCR error, e.g.,
reading "1.0" as "10").

- Misinterpreting chart or table values (e.g.,
confusing bar heights).

- Confusing colors, shapes, positions, or

- Arithmetic or calculation (e.g., 3 + 4 + 5
=11).
- Combining quantities, units, or proportions.

- Logical deduction or step-by-step reasoning.

All visually extracted facts should be
correct; the error is in the mental steps.

3. C_Question_Comprehension_Error

The model understands the image reasonably
well but misinterprets the question, such as:

- Answering a different but related question.

- Ignoring constraints (e.g., "only red
objects”, "in the last row"”).

- Mixing up entities asked about (e.g.,
answering about Bob when asked about Alice).

- Answering about a subset or superset
instead of the exact target.

The reasoning may be logically consistent,
but it is applied to the wrong interpretation of

the QUESTION.

4. D_Knowledge_Deployment_Error

The model sees the image correctly and
understands the question, but:

- Uses the wrong external knowledge (e.g.,
incorrect physical or scientific fact).

- Misapplies a known formula or concept.

- Retrieves or applies an irrelevant or
incorrect fact not supported by the image.

Visual perception and question understanding
should be correct; the error comes from using
the wrong background knowledge or formula.

TASK

Given IMAGE, QUESTION, and CORRECT_ANSWER:

1. Carefully inspect the IMAGE and QUESTION.

2. Decide which single error type (A, B, C, or D

) can produce a **realistic and plausiblexx

incorrect answer.

3. Construct a natural, confident reasoning

chain that:

- Uses the visual information.

- Leads to an incorrect final answer.

- Contains **exactly onex* of the error types
above.

- Is otherwise as correct and detailed as
possible.

4. Do **NOT** explicitly say that you are making
an error, simulating a failure, or referring to
labels or taxonomy.

- Write as if you are a normal LVLM answering
the QUESTION.

5. Ensure the final predicted answer in

error_reason” is x*xdifferent fromx*

CORRECT_ANSWER.

object counts. 6. SeE ‘1§be1‘ to exac?ly one of:

- Mislocating objects (e.g., assigning the - ”A_V1sualTPerceptlsn_Error
wrong label to a region). - “B_Reasoplng_Error . N

The *reasoning logic itselfx (once the wrong - ”C_Quest1on_Comprehen51on_Err2r
visual input is assumed) should be mostly - "D_Knowledge_Deployment_Error
correct.
2. B_Reasoning_Error

The model correctly perceives the visual
information but makes a mistake in:
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Model 0-shot 1-shot 2-shot 4-shot
Gemini-3-Pro-Preview 66.5 67.0 67.5 68.5

Doubao-Seed-2.0-pro 65.0 66.5 66.5 67.0
Qwen3-VL-32B-Instruct ~ 49.5 53.0 55.0 56.0
LLaMA-4-Maverick 39.5 43.5 45.5 47.0

Table 5: Impact of ICL on the ETC task, evaluated
on a randomly sampled subset of 200 examples from
MMETrroR. All 0-shot and few-shot results in this table
are obtained under the same sampled subset and prompt
template, and are therefore not directly comparable to
the full-benchmark results in Table 1.

C Few-shot Learning Exploration

We explore whether self-oversight capabilities can
be elicited or improved via In-Context Learning
(ICL) (Brown et al., 2020) and few-shot prompting.
To this end, we conduct an auxiliary experiment on
a randomly sampled subset of 200 examples from
MMETrroR, and test O-shot, 1-shot, 2-shot, and 4-
shot prompts across various models, as shown in
Table 5.
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