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Abstract

As the field of Multimodal Large Language
Models (MLLM:s) continues to evolve, their po-
tential to handle mathematical reasoning tasks
is promising, as they can handle multimodal
questions via cross-modal understanding capa-
bilities compared to text-only LLMs. Current
mathematical benchmarks predominantly focus
on evaluating MLLMs’ problem-solving ability,
yet there is a crucial gap in addressing more
complex scenarios such as error detection, for
enhancing reasoning capability in complicated
settings. To fill this gap, we formally formulate
the new task — multimodal error detection,
and introduce ERRORRADAR, the first bench-
mark designed to assess MLLMs’ capabilities
in such a task. ERRORRADAR evaluates two
sub-tasks: error step identification and error
categorization, providing a framework for eval-
uating MLLMs’ complex mathematical reason-
ing ability. It consists of 2,500 high-quality
multimodal K-12 mathematical problems, col-
lected from real-world student interactions in
an educational organization, with expert-based
annotation and metadata such as problem type
and error category. Through extensive exper-
iments, we evaluated both open-source and
closed-source representative MLLMs, bench-
marking their performance against educational
expert evaluators. Results indicate challenges
still remain, as GPT-40 with the best model per-
formance is around 10% behind human eval-
uation. The dataset can be found in this repo,
with version iteration in the future.

1 Introduction

On the path to Artificial General Intelligence, Large
Language Models (LLMs) such as GPT-4 (OpenAl,
2023) have emerged as a central focus in both indus-
try and academia (Minaee et al., 2024; Zhao et al.,
2023; Zhu et al., 2023; Yan et al., 2026). As the
real world is inherently multimodal, the evolution
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Figure 1: Comparison of research scope and task setting
between previous works (a) and our proposed ERRORRADAR
benchmark (b) on mathematical reasoning tasks.

of Multimodal Large Language Models (MLLMs)
such as the latest GPT-40 (OpenAl, 2024b) and
Gemini series (Reid et al., 2024), has become a
growing area of interest, demonstrating remarkable
effectiveness in diverse applications (Xiao et al.,
2024; He et al., 2024b; Yan et al., 2024b; Hao et al.,
2024). In particular, multimodal reasoning stands
to benefit education scenarios from the robust ca-
pabilities of MLLMs (Wang et al., 2024d; Li et al.,
2024a), given its reliance on multimodal inputs to
comprehensively grasp users’ intentions.

Within the multimodal sphere, mathematical
scenarios pose a significant challenge, demand-
ing sophisticated reasoning abilities from MLLMs
(Ahn et al., 2024; Yan et al., 2024a; Huang et al.,
2025). These scenarios have attracted consider-
able research aimed at pushing the boundaries of
MLLMs’ reasoning capabilities (Hu et al., 2024b;
Jia et al., 2024a; Lu et al., 2024c; Shi et al., 2024b;
Zhuang et al., 2024). Besides, various representa-
tive benchmarks have been designed to measure
MLLMs’ performance in complex mathematical
reasoning tasks, which involve multi-step reason-
ing and quantitative analysis within visual contexts
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Benchmarks Venue Modality Student Ans. Error Det.

TheoremQA (Chen et al., 2023a) EMNLP T
MathBench (Liu et al., 2024b) ACL T
MR-GSMSK (Zeng et al., 2024b) ICLR T
SciEval (Sun et al., 2024) AAAI T
EIC (Li et al., 2024c) ACL Finding T v
CMMaTH (Li et al., 2024d) COLING T,1
MathScape (Zhou ct al., 2024a) arXiv T,1
MATH-V (Wang et al., 2024c) NeurIPS T, I
QRData (Liu et al., 2024¢) ACL T 1
IsoBench (Fu et al., 2024) COLM T,1
SciBench (Wang et al., 2024¢) ICML T,1
MathVista (Lu et al., 2024b) ICLR T,1
MathVerse (Zhang et al., 2024b) ECCV T,1 - -
ERRORRADAR (Ours) - T,1 v v

Table 1: Comparison between our proposed ERRORRADAR
vs. representative LLM-based mathematical reasoning bench-
marks. 7" and [ represent text and image. Student Ans. in-
dicates if the dataset contains real student data (i.e., students’
incorrect answers); Error Det. represents if error detection
task is included. See more comparison in Appendix A.

(Lu et al., 2024b; Peng et al., 2024).

Scrutinizing the off-the-shelf mathematical rea-
soning benchmarks, there is a predominant fo-
cus on evaluating the problem-solving capabilities
of MLLMs, prioritizing the accuracy with which
MLLMSs can solve mathematical problems (Wang
et al., 2024c; Lu et al., 2024b), as depicted in Fig-
ure 1 (a). However, in educational contexts, it is
even more crucial to consider user-oriented needs,
such as error detection. As indicated in Figure 1
(b), this involves not only pinpointing the first in-
correct step in a student’s step-by-step solution but
also categorizing the types of errors made, which is
a multifaceted process that requires a deep under-
standing of both mathematical concepts and cogni-
tive processes (Rabillas et al., 2023).

Towards this end, addressing the aforementioned
research gap, we aim to formulate the new task of
evaluating MLLMs in the context of error detec-
tion scenarios, and therefore introduce the corre-
sponding benchmark termed ERRORRADAR. We
have designed two sub-tasks to comprehensively
assess the performance: error step identification
and error categorization. To construct a rich and
reliable dataset, we initially sourced a collection
of multimodal K-12 level math problems from an
educational organization and subsequently refined
the dataset through rigorous manual annotation to
ensure quality. In particular, we also collect real
students’ answers for each multimodal question for
a relatively robust experimental setting, compared
to other relevant benchmarks (See comparisons in
Figure 1). Furthermore, we categorized the dataset
to better align with diverse needs as follows: Prob-
lem types: plane geometry, solid geometry, dia-
gram, algebra, and mathematical common sense;
and Error categories: visual perception errors,

calculation errors, reasoning errors, knowledge er-
rors, and misinterpretation of the problem. In sum-
mary, ERRORRADAR comprises 2,500 high-quality
instances derived from real-life problem-solving
data, providing a foundational dataset to enhance
the complex reasoning capabilities of MLLMs for
the research community and industry.

For ERRORRADAR, we carry out an extensive
experimental analysis to determine the proficiency
in complex mathematical reasoning of various
MLLMs. The evaluation encompasses both the
latest open-source MLLMs (e.g., InternVL2 (Chen
et al., 2023b), LLaVA-NEXT (Liu et al., 2024a),
CogVLM2 (Wang et al., 2023)), and closed-source
MLLMs (e.g., GPT4-0 (OpenAl, 2024b), Gemini
Pro 1.5 (Reid et al., 2024), Claude 3.5 (Anthropic,
2024b)). Our focus was on their error detection
capabilities, specifically the identification of the
erroneous step and the classification of the error
type. To establish a comparative human perfor-
mance standard, we involved expert human educa-
tors who possess a graduate-level degree or higher
qualifications. The results demonstrate that ER-
RORRADAR, covering cutting-edge topics such as
MLLMs’ complex reasoning, poses a significant
challenge, with human evaluation for two error de-
tection tasks achieving less than 70%.

From in-depth evaluation of representative
MLLMs, we obtain the following findings: @
Closed-source MLLMs, particularly GPT-40, con-
sistently outperform open-source MLLMs in
both sub-tasks, and show more balanced perfor-
mance across different error categories; & Weaker
MLLMs exhibit an over-reliance on simpler cate-
gories, while stronger models handle complex tasks
better; ® Both MLLMs and humans perform better
on error step identification compared to error cate-
gorization, as localizing specific errors is inherently
simpler than categorizing errors. Our contributions
can be summarized as follows':

@ We take the first step to formulate the mul-
timodal error detection task, and introduce a
multimodal benchmark termed ERRORRADAR.
This benchmark serves as a standard operator for
assessing the complex mathematical reasoning
capabilities of the latest MLLM:s.

® We meticulously curate an extensive dataset
comprising approximately 2,500 high-quality in-

IRefer to Appendix B and C for the impact statement and
more clarification of our proposed new task setting.
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stances with rigorous annotation and rich meta-
data derived from real user interactions in an ed-
ucational organization. To the best of our knowl-
edge, this is the first attempt to use real-world stu-
dent problem-solving data to evaluate MLLMs.

® Our comprehensive experimental evaluation of
more than 20 MLLMs, both proprietary and open-
source, highlight the substantial room for im-
provement (i.e., 7%-15% in performance) in the
complex mathematical reasoning capabilities, un-
derscoring the necessity for further research.

2 Related Work

Benchmarks for Mathematical Reasoning. Re-
cent advancements in mathematical reasoning
benchmarks have led to the development of both
pure text and multimodal assessments (Lu et al.,
2022; Wang et al., 2024c; Zheng et al., 2024;
Huo et al., 2024). While datasets like GSM8K
(Cobbe et al., 2021), MATH (Hendrycks et al.,
2021), SuperCLUE-Math (Xu et al., 2024), and
MathBench (Liu et al., 2024b) focus on text-
based problems, the field has expanded to include
multimodal benchmarks that introduce visual el-
ements, pushing the boundaries of AI’s mathe-
matical understanding. For instance, MathVista
(Lu et al., 2024b) evaluates Al’s performance on
visual math QA tasks; MATH-V (Wang et al.,
2024c¢) focuses on multimodal mathematical un-
derstanding with competition-derived questions;
MathVerse (Zhang et al., 2024b) assesses visual dia-
gram comprehension using CoT strategies; CMMU
(He et al., 2024c) tests multi-disciplinary, mul-
timodal math understanding with a broad range
of Chinese-language questions; MathScape (Zhou
et al., 2024a) further advances the field by pre-
senting longer, more complex, and open-ended
multimodal problems; and MMMU (Yue et al.,
2024) covers college-level knowledge including
interleaved mathematical questions. The aforemen-
tioned benchmarks assess the mathematical rea-
soning capabilities of MLLMs by evaluating their
problem-solving levels, but they overlook tasks
based on the student’s perspective, such as error de-
tection. Therefore, we propose the ERRORRADAR
benchmark, entirely based on real student response
data. We discuss more relevant reasoning bench-
marks and specific MLLMs in Appendix D.
Multimodal Large Language Models. Gen-
erative foundation models such as GPT-4 (Ope-
nAl, 2023), Claude (Anthropic, 2024b), and Gem-

ini (Pal and Sankarasubbu, 2024) have significantly
advanced various task solutions without fine-tuning
(Cui et al., 2024; Yan and Lee, 2024; Zou et al.,
2025; Zhong et al., 2024). Similarly, current open-
source MLLMs, built on top of powerful LLMs,
have also demonstrated promising potential in mul-
timodal tasks such as image captioning (Yang
et al., 2024a) and visual question answering (Fan
et al., 2024). For instance, LLaVA-NEXT (Liu
et al., 2024a) proposed projecting visual embed-
dings, extracted by a pretrained vision encoder,
into the word space through a single MLP layer,
where LLMs like LLaMA, Vicuna, and Mistral
are fine-tuned to understand these post-projection
tokens. In a similar fashion, Phi3 (Abdin et al.,
2024), DeepSeek-VL (Lu et al., 2024a), MiniCPM-
V (Yao et al., 2024), ChatGLM (GLM et al., 2024),
CogVLM (Wang et al., 2023), Intern-VL (Chen
et al., 2023b), Qwen-VL (Bai et al., 2023) and Yi-
VL (Young et al., 2024) also utilize a projector (or
adapter, shared compression layer, efc.) to align the
visual embeddings extracted from a vision encoder
with text embeddings, which are then concatenated
and fed into LLM. Therefore, we propose ERROR-
RADAR, a benchmark on a fine-grained evaluation
of MLLMs’ ability to detect errors based on stu-
dents’ answers and reasoning steps.

3 The ERRORRADAR Dataset

3.1 Task Formulation

Basic Setting. In this task, we assess the model’s
ability to detect errors in mathematical problem-
solving processes across multiple samples. Let NV
denote the total number of samples in the evalua-
tion set. For each sample i € {1,2,..., N}, the
input set Z; is defined as:

.
Ii - {Qtext,h Qimage,ia Acorrect,z'7 Aincorrect,ia {Sk,z}k;l )

where Qrex;,; represents the textual statement of the
i-th problem, Qimage,; represents the image repre-
sentation of the i-th problem, Acorrect; T€presents
the correct solution for the i-th problem, Ajincorrect,i
represents the incorrect student solution for the i-th
problem, and {S};};" ; denotes the sequence of
n; steps in the i-th problem-solving process, with
each S}, ; representing a distinct step.

Subtask 1: Error Step Identification. The task
is to identify the index x of the first incorrect step in
the sequence { Sy ;}," ;. The function fgcp; maps
the input Z; to the index of the erroneous step:

fstep,i 1Ly — xy,
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Question (Visual Part):

diagram below?"

Question (Textual Part):

What is the decimal representation of the shaded part in the figure below?

Student’s Step-by-Step Solution (Reasoning Process):
# Step 1: Read the question and the accompanying image text "What is the decimal representation of the shaded area in the

@ Step 2: Analyze the cube given in the diagram; it is a large cube representing "1."

@ Step 3: Determine that the large cube is evenly divided into 1000 small cubes, with each small cube representing 1/1000.
@ Step 4: Count the total number of small cubes in the shaded area, which is 21.

@ Step 5: Calculate the proportion of the shaded area, which is 21 times 1/1000, totaling 21/1000.

@ Step 6: Convert the fraction 21/1000 into a decimal, resulting in 0.021.

Problem Type: Solid Geometry
Error Category: Visual Perception Error

Error Step: Step 4

# Step 7: Output the result as 0.021. o=

True Answer: 0.063 @% ErrorRadar Error Category  Error Step

Student’s Answer: 0.021 GPT-40 Visual Perception Error Step 4
GPT-40-mini Calculation Error® Step 4

Gemini-Pro-1.5 Visual Perception Error Step 3 ®

LLaVA-v1.6

5@

Calculation En‘or@ Step

Figure 2: Example of our annotated multimodal mathematical reasoning dataset ERRORRADAR, and performance comparison
on error categorization and error step localization tasks among representative MLLMs. It is evident even simple math problems
can be mishandled by superior MLLMs in one or both tasks, highlighting the challenging nature of multimodal error detection.

where z; = arg mkin{Skvi is incorrect}.

Subtask 2: Error Categorization. The task
is to classify the type of error for the i-th
problem into one of the following categories:
{VIS, CAL,REAS, KNOW, MIS}. The error cate-
gorization function ferror; maps the input Z; to the
error category Cerror,i:

ferrom’ I —~ Cerror,i'

More concrete examples can be seen in Figure 2
and Appendix E. The discrepancies within the five
error categories are delineated as follows:

% Visual Perception Errors (VIS): These errors
arise when there is a failure to accurately interpret
the information contained in images or diagrams
presented in the question due to visual issues.

% Calculation Error (CAL): These errors mani-
fest during the calculation process, which may
include arithmetic mistakes such as incorrect ad-
dition, subtraction, multiplication, or division,
errors in unit conversion, or mistakes in the nu-
merical signs between multiple steps.

% Reasoning Error (REAS): These errors occur
during problem-solving process when improper
reasoning is applied, leading to incorrect applica-
tion of logical relationships or conclusions.

% Knowledge Error (KNOW): These errors result
from incomplete or incorrect understanding of

the knowledge base, leading to mistakes when
applying relevant knowledge points.

% Misinterpretation of the Question (MIS):

These errors occur when there is a failure to cor-
rectly understand the requirements of the ques-
tion or a misinterpretation of the question’s in-
tent, leading to responses that are irrelevant to
the question’s demands.

Performance Metrics. The evaluation of both

subtasks is conducted separately:

e Error Step Identification Performance. Let
Gitep,; be the ground truth index of the first in-
correct step for the ¢-th sample. We report the
accuracy for this subtask:

N

1
ACCstep = N Z H(xi = Gstep,i)y
=1

where I(-) is indicator function, returning 1 if
prediction matches ground truth, and 0 otherwise.

* Error Categorization Performance. We report
Precision, Recall, and F1-score for each error
category, alongside their macro-averaged coun-
terparts as overall performance metrics.

3.2 Data Source & Annotation

Following the roadmap shown in Figure 3, this
section includes how we collect and annotate ER-
RORRADAR dataset to ensure the overall data qual-
ity. Different from the conventional benchmarks
that rely on public datasets or modified textbook
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Figure 4: Dataset distribution of ERRORRADAR with respect
to problem type and error category.

collections (Lu et al., 2024b; Zhou et al., 2024a),
ERRORRADAR dataset is uniquely sourced from
the question bank of a global educational organi-
zation. This repository encompasses a vast array
of mathematical problems in K-12 levels, totaling
over a million entries. Initially, we curated approxi-
mately 180,000 math problems with a single-image
setting, aligning with multimodal setup.
Subsequently, we refined our selection by evalu-
ating the universality and articulation of the prob-
lem content. For each problem, we identified multi-
ple incorrect answers, and finally selected the most
frequently given incorrect answer as the student’s
response. Additionally, we scrutinized cases where
the most common incorrect answer was due to sys-
tem input errors despite the answer being correct.
In such instances, we amended the dataset by incor-
porating the next most frequently incorrect answer.
Furthermore, since error detection tasks necessi-
tate a step-by-step reasoning process, we enriched
our dataset with new content through manual an-
notation. Specifically, we provided professional
annotators with the original multimodal QA data,
student’s incorrect answers, and the pedagogical
team’s analysis of correct answer process. Based
on initial data, annotators delineated the erroneous
steps leading to the incorrect answers (More de-
tails of annotation and inconsistent case handling

in Appendix F.1 and F.2).
Our team of annotators, consisting of around

ten educational experts with domain expertise, con-
ducted two rounds of cross-checking to ensure the
reliability of the annotations. In cases of inconsis-

Statistic Number
Total multimodal questions 2,500
Problem Type

- Plane Geometry 1559 (62.4%)
- Solid Geometry 191 (7.6%)

- Diagram
- Algebra
- Math Commonsense

233 (9.3%)
288 (11.5%)
229 (9.2%)

Error Category

- Visual Perception Error 395 (15.8%)

- Calculation Error 912 (36.5%)
- Reasoning Error 951 (38.0%)
- Knowledge Error 119 (4.8%)

- Misinterpretation of the Qns 123 (4.9%)

Average Reasoning Step 7.6
Maximum Reasoning Step 20
Minimum Reasoning Step 3

Average Question Length 168
Maximum Question Length 719
Minimum Question Length 13

Figure 5: Key statistics of ERRORRADAR.

tency, the related data were presented to the anno-
tation lead for final adjudication. The annotators’
results were subject to review and quality control
by the educational organization from which the
data originated, ensuring security, reliability, and
consistent updates.

3.3 Dataset Details

As illustrated in Figure 5, ERRORRADAR dataset
comprises a substantial collection of 2,500 multi-
modal math questions designed for error detection
tasks. It predominantly includes plane geometry
problems, with solid geometry, diagram, algebra,
and math commonsense questions making up the
remainder, highlighting its focus on diverse math-
ematical problems. It also categorizes errors into
visual perception, calculation, reasoning, knowl-
edge, and question misinterpretation. Key statistics
indicate a diverse dataset with an average reason-
ing step of 7.6, a variety of question lengths, and a
wide range of reasoning steps. Detailed distribution
of ERRORRADAR, problem type definition, and er-
ror category formulation can be seen in Figure 4,
Appendix F.3 and F.4.

4 Experiments and Analysis

4.1 Evaluation Protocols

In ERRORRADAR benchmark, we propose an eval-
uation strategy using template matching rules. The
evaluation process consists of three stages: re-
sponse generation, answer extraction, and perfor-
mance calculation. Initially, the MLLMs generate
responses given the inputs, which incorporates the
multimodal mathematical question, wrong answer,
and its step-by-step reasoning, using the template
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from Appendix G.3. Subsequently, the short an-
swer text can be extracted from the detailed re-
sponse. Finally, the model performance is based on
the detailed score calculation as shown in Section
3.1. The final score will be calculated by averaging
the scores from three rounds of assessment.

4.2 Experimental Setup

In our experimental setup, we meticulously cate-
gorized and evaluated a diverse array of MLLMs
into three distinct groups to assess their capabilities
across error detection tasks. (i) The Open-Source
MLLMs category encompassed models such as
InternVL-2 (Chen et al., 2023b), Phi-3-vision (Ab-
din et al., 2024), Yi-VL (Young et al., 2024),
DeepSeek-VL (Lu et al., 2024a), LLaVA-v1.6-
Vicuna (Liu et al., 2024a), MiniCPM-LLaMA3-
V2.5 (Yao et al., 2024), MiniCPM-V2.6 (Yao et al.,
2024), Qwen-VL (Bai et al., 2023), GLM-4v (GLM
et al., 2024), and LLaVA-NEXT (Liu et al., 2024a),
each demonstrating their unique strengths and capa-
bilities in handling different types of errors. (ii) The
Closed-Source MLLMs featured proprietary mod-
els like Qwen-VL-Max (Bai et al., 2023), Claude-3-
Haiku (Anthropic, 2024a), Claude-3.5-Sonnet (An-
thropic, 2024b), Gemini-Pro-1.5 (Reid et al., 2024),
GPT-40-mini (OpenAl, 2024a), and GPT-40 (Ope-
nAl, 2024b), providing a comparison point for the
performance of models that are not publicly acces-
sible. (iii) Lastly, the Human Performance cate-
gory served as a benchmark for natural intelligence,
allowing us to gauge how closely MLLMs can emu-
late human cognitive functions across tasks such as
visual perception (More details in Appendix G.2).
Prompts for MLLMs and sources of MLLMs are
in Appendix G.3 and G.4, respectively.

4.3 Experimental Results

4.3.1 Main Results

Finding #1: Closed-source MLLMs generally
outperform open-source MLLMs in both error
detection tasks, with GPT-40 demonstrating the
strongest performance. Figures 6 and 7 show
that closed-source MLLMs generally outperform
open-source MLLMs in both STEP and CATE
tasks, and they also exhibit relatively more bal-
anced performance across the five error categories.
This superiority can likely be attributed to the pro-
prietary datasets and advanced training resources
available to closed-source models, which allow for
more robust fine-tuning (Shi et al., 2023; Yu et al.,
2024). Notably, GPT-40 stands out as the best

model, achieving highest scores not only in STEP
and CATE tasks, demonstrating its overall versa-
tility. Given the performance gap, open-source
MLLMs can further enhance themselves by dis-
tilling error detection capabilities of closed-source
ones (Hsieh et al., 2023). See more actionable
suggestions in Appendix G.5.

Finding #2: Open-source MLLMs tend to pre-
dict CAL category, leading to unusually high
recall. Figure 8 indicates that MLLMs with rela-
tively low performance in the CATE task tend to
exhibit unusually high recall in the CAL category.
Specifically, open-source models like MiniCPM-
LLaMA3-v2.5 even achieve a 100% recall in
CAL, while Phi-3-vision and InternVL-2-8B reach
99.6%. Upon analyzing the category prediction
proportions of CAL from Figure 9 (See details of
all MLLMs in Appendix G.6), it becomes clear
that open-source MLLMs with the top five CAL
recall predict over 80% of instances as CAL cate-
gory, suggesting an over-reliance on this category.
In contrast, closed-source MLLMs with top-five
CAL recall do not exhibit this extreme trend of pre-
diction bias. This phenomenon likely arises from
weaker MLLMs attempting to overfit on the CAL
category, a relatively simpler classification, to com-
pensate for their inability to handle more complex
scenarios (Tirumala et al., 2022; Xu et al., 2021).
Models exhibiting this phenomenon can assign dif-
ferent weights to samples of different categories
during training to reduce the model’s preference
for a particular category. This can be achieved by
adjusting the weights in the loss (e.g., Focal Loss
& AdaFocal) (Li et al., 2022; Ghosh et al., 2022).

Finding #3: MLLMs with strong overall
performance tend to handle STEP easier than
CATE. From Figures 6 and 7, the best open-source
MLLMs, such as InternVL2-76B, and the best
closed-source MLLMs, like GPT-40, exhibit a ten-
dency where their STEP performance surpasses
that of CATE. This trend holds even for human
performance, where accuracy on STEP is higher
(69.8%) compared to recall on CATE (60.7%). The
reason for this disparity is likely that identifying
the error step is inherently easier, as it involves
localizing a specific point of failure. On the other
hand, categorizing the error requires more complex
reasoning and contextual understanding to classify
the nature of the error, which adds difficulty. This
mirrors the settings in object detection, where lo-
calization (i.e., predicting where an object is) is
relatively simpler than classification (i.e., predict-
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Figure 7: Error step performance of top 10 MLLMs. The

bars represent closed-source MLLMs, while the blue
ones represent open-source MLLMs. The masked bars repre-
sent the top 3. We leave the bar charts of all models’ perfor-
mance in Appendix G.1.

ing what an object is) (Zou et al., 2023; Jiao et al.,
2021). To improve the performance of error cate-
gorization tasks, MLLMs need to better understand
the relationship between the problem itself and the
steps where errors occur. Thus, modeling this part
of the relationship can be a focus in the design of
training data (Shi et al., 2024a; Song et al., 2025).
Finding #4: CAL is the easiest category for
MLLMs, while KNOW is the most difficult.
CAL is the category with the highest F1 perfor-
mance among most MLLMs, which could be at-
tributed to the structured and deterministic na-
ture of calculations, where errors often result in
clear, quantifiable deviations from expected out-
comes, making them more straightforward to de-
tect (Lewkowycz et al., 2022; Kojima et al., 2022).
Conversely, KNOW stands out as the most chal-
lenging category, suggesting that MLLMs struggle
significantly with tasks requiring deep factual un-
derstanding and contextual reasoning. The com-
plexity of knowledge errors likely stems from the
need for comprehensive domain expertise, which
current MLLMs may not fully encapsulate yet.
Finding #5: MLLMs still have a gap to close
to reach human-level intelligence in error de-
tection. Human performance significantly out-
performs the best MLLMs in both the STEP and
CATE tasks, with overall performance of 69.8%
and 60.7% respectively, compared to the highest

MLLM scores of 55.1% and 53.1%. Notably, the
detection of VIS by humans is markedly superior
to the best MLLMs, with a difference of nearly
20%. This substantial lead may be attributed to
the sophisticated pattern recognition inherent to hu-
man visual processing (Doerig et al., 2022), which
MLLMs, despite their advancements, have yet to
fully emulate. Besides, it is interesting to note that
human performance in REAS detection is lower
than all closed-source MLLMs but higher than al-
most all open-source MLLMs.

Finding #6: Specialized multimodal reason-
ing and math models underperform general-
ist models like GPT-40. As illustrated in Figure
10, we evaluate QVQ (Team, 2024) (a reasoning-
enhanced variant of Qwen2-VL-72B) and find that
it still lags behind GPT-40. This suggests that spe-
cialized reasoning training alone does not guar-
antee superior performance in our task, which re-
quires fine-grained multimodal error analysis be-
yond pure logical deduction. We also test three
math-focused models (Zhang et al., 2024c; Gao
etal.,2023; Shi et al., 2024¢) to investigate whether
problem-solving ability generalizes to our task.
Their performance was weaker than general mod-
els, with G-LLaVA showing the lowest scores. We
attribute this to its narrow geometric-focused train-
ing, which lacks diversity for our error categories.

4.3.2 Visual Perception Analysis

Due to the space limit, we discuss the visual percep-
tion analysis in Appendix G.7, and further analyze
misclassification for each category and visual per-
ception case study in Appendix G.8 and G.9.

4.3.3 Relation between Error Category and
Error Step

Due to the space limit, we discuss the relation be-
tween error category and error step in Appendix
G.10, and further analyze the phenomenon via cog-
nitive load analysis in Appendix G.11.
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for InternVL2 and None, 7B, 13B, 72B for LLaVA-NEXT.

4.3.4 Scaling Analysis

Finding #1: The performance of MLLMs on
STEP task increases with the scale of param-
eters. We observe a phenomenon similar to the
scaling law (Kaplan et al., 2020) in our experi-
ments. As shown in Figure 11, when the size of the
InternVL2 model increases from Tiny to Huge, the
accuracy of STEP task rises from 9.8% to 54.4%,
showing an improvement of 44.6%. Similarly, as
the size of LLaVA-NEXT increases from Small
to Large, its STEP accuracy also improves from
30.3% to 51.8%, indicating larger MLLLMs exhibit
greater reasoning ability in localizing error steps.
Finding #2: CATE task is relatively more dif-
ficult to improve through scaling. While the ac-
curacy of CATE shows a trend of improvement
for both the InternVL2 and LLaVA-NEXT mod-
els as their size increases from Tiny (Small) to
Middle, a slight decrease is also observed when
model size reaches Large. We presume this is
because CATE is a more challenging task com-
pared to STEP, and merely increasing the model
size without fine-tuning is insufficient for sustained
improvement and may even introduce bias (Agha-
janyan et al., 2023; Muennighoff et al., 2024).

5 Conclusion

In conclusion, we introduce ERRORRADAR, the
first multimodal benchmark designed specifically
for evaluating MLLMs’s reasoning in mathemati-
cal error detection scenarios. By focusing on both
error step identification and error categorization,
ERRORRADAR bridges a critical research gap in
assessing MLLMs’ capabilities in complex math-
ematical reasoning. The dataset’s construction,
based on real-world student interactions, ensures
a robust evaluation framework that reflects gen-
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uine user needs. Extensive experimental analy-
sis, comparing leading open-source and proprietary
MLLMs, reveals significant challenges in error
detection, highlighting the need for continued ad-
vancements in the multimodal reasoning domain
towards Artificial General Intelligence.

Limitations

While ERRORRADAR provides a novel benchmark
for multimodal mathematical error detection, we
acknowledge certain limitations that also pave the
way for future research:

* Dataset Scale: Although our dataset of 2,500
instances is substantial for an initial bench-
mark and sourced from real-world interac-
tions, the vast domain of K-12 mathematics
encompasses an even wider array of problem
types, visual representations, and nuanced stu-
dent errors. Future work will focus on continu-
ously expanding ERRORRADAR with more in-
stances and greater diversity in problem struc-
tures and visual elements to ensure broader
coverage.

* Scope of Evaluated MLLMs: Our study
benchmarked a comprehensive set of over
20 contemporary MLLMs. Nevertheless, the
field of MLLMs is evolving at an extremely
rapid pace, with new architectures and larger
models being released frequently. We aim
to periodically update our benchmark results
by evaluating new state-of-the-art MLLMs
as they become available, ensuring ERROR-
RADAR remains a relevant and current tool.

* Static Error Evaluation: The benchmark
assesses MLLMs on their ability to identify
and categorize errors in pre-existing, static stu-
dent solutions. It does not currently evaluate
the models’ interactive capabilities, such as
guiding a student through error correction or
generating pedagogical explanations for the
identified errors. We envision future research
building upon ERRORRADAR to explore these
more dynamic and interactive educational ap-
plications of MLLMs.
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Technical Appendices and Supplements

A Comparison with Relevant
Benchmarks

The field of mathematical reasoning evaluation has
seen a significant proliferation of benchmarks, each
designed to probe the capabilities of LLMs and
MLLMs. As illustrated in Table 1, these bench-
marks can be broadly categorized.

A substantial portion of existing work has con-
centrated on text-based mathematical problems.
Benchmarks such as TheoremQA (Chen et al.,
2023a), MathBench (Liu et al., 2024b), MR-
GSMS8K (Zeng et al., 2024b), and SciEval (Sun
et al., 2024) provide valuable resources for as-
sessing the pure linguistic and logical reasoning
abilities of LLMs on mathematical tasks. Recog-
nizing the inherently multimodal nature of many
real-world math problems, the community has also
developed numerous benchmarks that integrate vi-
sual information. Datasets like CMMaTH (Li et al.,
2024d), MathScape (Zhou et al., 2024a), MATH-
V (Wang et al., 2024c), MathVista (Lu et al.,
2024b), and MathVerse (Zhang et al., 2024b) chal-
lenge MLLMs to solve problems by jointly inter-
preting textual and visual inputs (See more discus-
sion on these benchmarks in Appendix D.1). How-
ever, a common thread among these benchmarks
is their primary focus on evaluating a model’s
problem-solving ability—that is, their capacity to
generate a correct final answer. More recently, the
task of error analysis has begun to emerge. For in-
stance, the EIC benchmark (Li et al., 2024¢) made
a notable contribution by introducing tasks for error
identification and correction. While this represents
a critical step toward evaluating deeper reasoning,
EIC is limited to a text-only modality.

In this context, ERRORRADAR is uniquely posi-
tioned to fill two critical gaps in the current eval-
uation landscape. First, it is the first benchmark
designed to specifically evaluate multimodal er-
ror detection. By requiring models to analyze
reasoning steps in a context that includes both text
and images, it presents a more complex and realis-
tic challenge that moves beyond simple problem-
solving. Second, and most distinctively, ERROR-
RADAR is built upon real student answers. Unlike
benchmarks that rely on synthetically generated
data or correct solutions, our dataset captures the
authentic, often nuanced errors that human learn-
ers make. This provides a more robust and edu-

Benchmarks Venue Modality Student Ans. Error Det.

TheoremQA (Chen et al., 2023a) EMNLP T

MathBench (Liu et al 24b) ACL T

MR-GSMSK (Zeng 2024b) ICLR T

SciEval (Sun et al., 2024) AAAI T - -
EIC (Li et al,, 2024c¢) ACL Finding T - v
CMMaTH (Li et al., 2024d) COLING T,1 -
MathScape (Zhou et al., 2024a) arXiv T,1

MATH-V (Wang et al., 2024c) NeurIPS T, 1

Olympiadbench (H al., 2024a) ACL T1

QRData (Liu e al., 2024c) ACL T.1

IsoBench (Fu et al., 2024) COLM T,1

SciBench (Wang et al., 2024¢) ICML T,1

EMMA (Hao et al,, 2025) ICML T,1

MathCheck (Zhou et al., 2024b) ICLR T.1

DynaMath (Zou et al., 2024) ICLR T.1

MathVista (Lu et al., 2024b) ICLR T 1

Math-Vision (Wang et al., 2024b) NeurIPS T,1

MV-MATH (Wang et al., 2025) CVPR T,1

CMM-MATH (Liu et al., 2025) ACM MM T.1

MathVerse (Zhang et al., 2024b) ECCV 11 - -
ERRORRADAR (Ours) - T.I v v

Table 2: Comparison between our proposed ERRORRADAR
benchmark vs. its relevant LLM-based mathematical reason-
ing benchmarks or datasets. Under the column of Modality,
the letters 7" and I represent text and image, respectively. The
column labeled as Student Ans. indicates whether the dataset
contains real student data (i.e., students’ incorrect answers);
the column labeled as Error Det. represents whether error
detection task is included.

cationally relevant setting to test the fine-grained
diagnostic capabilities of MLLMs.

In summary, while previous benchmarks have
laid essential groundwork for evaluating mathemat-
ical problem-solving, ERRORRADAR introduces
a novel, more demanding paradigm focused on
multimodal error diagnostics with real-world data,
thereby offering a more comprehensive assessment
of complex mathematical reasoning.

B Impact Statement

The introduction of the ERRORRADAR benchmark
and the formalization of the multimodal error detec-
tion task represent significant strides in enhancing
the complex reasoning abilities of MLLMs. We
will release the whole dataset to the community
upon acceptance, and we will be committed to refin-
ing and scaling up the dateset for further research.
Its broader impact can be seen in several key areas:

First, the ability to detect and categorize errors
in mathematical reasoning is critical for improving
the efficacy of Al in educational settings. By using
real-world data sourced from student interactions,
ERRORRADAR provides invaluable insights into
the cognitive and error patterns of learners. These
insights can inform personalized learning interven-
tions, helping to identify not only where students
struggle but also why they do so.

Second, while the use of Al in educational set-
tings presents substantial opportunities, it also ne-
cessitates a careful consideration of fairness, bias,
and transparency. By incorporating human expert
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evaluation and real-world student data, ERROR-
RADAR helps to mitigate risks of biased Al assess-
ments, ensuring that MLLMs are held to high stan-
dards of accuracy across diverse error categories.
However, as these models continue to evolve, it is
crucial that they remain accessible and equitable
across different educational contexts.

Last, the success of multimodal Al in address-
ing complex mathematical reasoning tasks could
have a transformative effect on education at large,
extending beyond traditional K-12 settings into
higher education and lifelong learning. The ER-
RORRADAR benchmark sets the stage for further
research into error detection across diverse disci-
plines, such as physics, economics, and even cod-
ing, where MLLMs could be used to enhance learn-
ing outcomes through improved diagnostic and in-
structional capabilities.

C Task Clarification

C.1 How ERRORRADAR Contribute to
Complex Multimodal Math Reasoning

While our primary focus in this paper was to for-
mally introduce the task, construct the benchmark,
and establish baseline performances (as is typi-
cal for a benchmark paper), we argue that eval-
uating and understanding error detection directly
contributes to the goal of enhancing complex math-
ematical reasoning in several crucial ways:

* Error Detection as a Diagnostic Tool
for Deeper Reasoning Failures: Standard
problem-solving benchmarks typically evalu-
ate only final answer accuracy, with limited
insight into why a model fails. ERRORRADAR
offers a more granular diagnostic capability,
via identifying where the reasoning breaks
down and what kind of mistake was made.

» Highlighting Specific Weaknesses for Tar-
geted Improvement: Our extensive exper-
iments (See Section 4) reveal distinct error
patterns across MLLMs:

— Weaker open-source models often ex-
hibit a bias towards predicting CAL, sug-
gesting they oversimplify complex is-
sues.

— KNOW is challenging for most models.

— Top models like GPT-40 struggle with
visual perception compared to humans.
These findings pinpoint specific areas

(e.g., visual grounding, knowledge in-
tegration) where models need improve-
ment.

— We explicitly provide Actionable Sug-
gestions in Appendix G.5, directly link-
ing the benchmark’s insights to pathways
for enhancing MLLM capabilities.

* Error Detection as a Proxy for Robust Rea-
soning: The ability to correctly identify an er-
ror in a given reasoning chain requires a deep
understanding of the correct reasoning pro-
cess itself. A model that can reliably perform
error detection inherently possesses a more
sophisticated grasp of mathematical logic, vi-
sual interpretation, and knowledge application.
Therefore, success in error categorization sig-
nals a higher level of metacognitive-like rea-
soning.

C.2 Comparison between ERRORRADAR
Setting and General LLM-as-Judge

To clearly illustrate the distinctions, we present the
following comparison:

Therefore, while identifying wrong steps is a facet
of some LLM-as-Judge applications, ErrorRadar
defines a significantly more specific, complex, and
context-grounded set of tasks.

C.3 Relationship between ERRORRADAR
Setting and Multimodal Math
Problem-Solving

As shown in Section 4.3.1 Finding #6, results offer
compelling evidence regarding this relationship:

Evidence of Relationship: The fact that these
math-specialized models can perform the ERROR-
RADAR tasks demonstrates a fundamental relation-
ship. Both problem-solving and error detection op-
erate within the multimodal mathematics domain.
They require core capabilities like understanding
mathematical notation and terminology presented
textually.

Evidence of Distinction: The performance of
these specialized models on ERRORRADAR was
only moderate. This performance gap provides
evidence that the capabilities required by ERROR-
RADAR are distinct from, and not merely a subset
of, problem-solving ability. The math-specialized
models’ training optimizes for generating correct
solution paths but may not sufficiently equip them
to diagnose errors in incorrect paths.
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Table 3: Comparison between ERRORRADAR and general LLM-as-Judge paradigm.

Dimension ERRORRADAR General LLM-as-Judge
Input Data Real stuf;ient incorrect step-by-step Often model-generated
solutions & problem context outputs
Specific & General &
Core Task Fine-grained Variable
. Precise & Score, ranking,
Output Granularity Structured ofc.
Evaluation Focus Diagnostic Overall correctness,
Accuracy coherence, etc.
Context/Purpose Eglucatlopal MOd?l
Diagnostics evaluation
Predefined & Educationally Usually no fixed,
Error Taxonomy .
Relevant fine-grained error taxonomy

While our benchmark primarily focuses on eval-
uating MLLMs’ ability to detect errors in student-
provided reasoning chains (a critical task for ed-
ucational applications), we acknowledge the im-
portance of assessing whether MLLMSs can inde-
pendently solve the same problems correctly. To
address this, we conducted additional experiments:
GPT-40 achieved 82% accuracy in solving prob-
lems independently, significantly higher than its
error detection performance. This aligns with prior
work (e.g., MathVista (LLu et al., 2024b)) showing
that MLLMs excel in direct problem-solving but
struggle with error analysis.

D More Related Work

D.1 Mathematical Reasoning Benchmarks

The landscape of mathematical reasoning bench-
marks has evolved significantly, initially focus-
ing on textual problem-solving and gradually
incorporating multimodal inputs and more com-
plex reasoning tasks. Early efforts in benchmark-
ing, such as MathQA (Amini et al., 2019) and
GSMSK (Cobbe et al., 2021), along with the widely
used MATH dataset (Hendrycks et al., 2021), pri-
marily assessed models on arithmetic and word
problems presented in a text-only format. These
were instrumental in the pre-LLM and early LLM
era. As models grew more sophisticated, bench-
marks like LILA (Mishra et al., 2022) continued
to expand the scope of text-based mathematical
reasoning. However, recognizing that many real-
world mathematical problems inherently involve
visual components, the research community has
increasingly developed multimodal benchmarks.
Prominent examples include MathVista (Lu et al.,
2024b), which evaluates reasoning in visual con-

texts, MathVerse (Zhang et al., 2024b) focusing
on whether MLLMs truly understand diagrams,
and MMMU (Yue et al., 2024) for massive multi-
discipline multimodal understanding. Specific mul-
timodal domains like geometry have also seen ded-
icated benchmarks such as GeoQA (Chen et al.,
2021), GeomVerse (Kazemi et al., 2023), GeoEval
(Zhang et al., 2024a), MATH-Vision (Wang et al.,
2024c), and DynaMath (Zou et al., 2024) which
introduces dynamic visual elements. Efforts to di-
versify language coverage in multimodal settings
are also emerging, with datasets like CMM-Math
(Li et al., 2024d) for Chinese.

Beyond the transition to multimodality, bench-
mark tasks have expanded from straightforward
problem-solving to encompass more intricate as-
pects of mathematical reasoning. While problem-
solving remains a dominant task, as seen in
competition-level benchmarks like Omni-MATH
(Gao et al., 2024), CHAMP (Mao et al., 2024), and
PutnamBench (Tsoukalas et al., 2024), there’s a
growing focus on higher-order thinking. This in-
cludes mathematical proving, evaluated by datasets
such as TheoremQA (Chen et al., 2023a) and
the IMO-AG-30 subset used with AlphaGeome-
try (Trinh et al., 2024). A particularly significant
development is the increased attention to error anal-
ysis. Benchmarks like EIC-Math (Li et al., 2024c¢)
and Mathador-LM (Kurtic et al., 2024) focus on er-
ror identification and, in some cases, correction
within textual solutions. FaultyMath (Rahman
et al., 2024) evaluates logical integrity on faulty
problems. The complexity of evaluation is fur-
ther pushed by benchmarks addressing multi-turn
interactions like MathChat (Liang et al., 2024b),
model robustness through adversarial examples
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(GSM-PLUS by (Li et al., 2024b)), and specialized
quantitative reasoning with data (QRData by (Liu
et al., 2024¢)) or mathematical modeling (Mamo by
(Huang et al., 2024)). These advancements reflect a
drive towards more comprehensive and challenging
evaluations of (M)LLMs’ mathematical reasoning
capabilities (Yan et al., 2024a, 2025b).

D.2 Math-Specific MLLMs

The evolution of Al in mathematical reasoning has
significantly advanced with the advent of Math-
Specific MLLMs (Math-MLLMs), which are engi-
neered to interpret and resolve mathematical prob-
lems incorporating both textual and crucial visual
elements like diagrams, graphs, and geometric fig-
ures (Yan et al., 2024a). Among the notable de-
velopments in this domain is MathGLM-Vision
(Yang et al., 2024b), a model explicitly designed
to integrate visual information for solving math-
ematical problems. Similarly, Math-LLaVA (Shi
et al., 2024c) leverages fine-tuning on an exten-
sive dataset of 360K high-quality multimodal math
question-answer pairs (MathV360K) to directly
enhance its multimodal mathematical reasoning
capabilities. Addressing the challenge of data
scarcity, MAVIS (Zhang et al., 2024c) features an
automatic data generation engine and employs in-
struction fine-tuning to teach models problem de-
composition. While primarily text-based, models
such as Skywork-Math (Zeng et al., 2024a) and
Qwen2.5-Math (Bai et al., 2025) are also adapting
to support multimodal mathematical settings. Fur-
ther contributions include Math-PUMA (Zhuang
et al., 2025) with its progressive upward multi-
modal alignment strategy, and InfiMM-Math (Han
et al., 2024), which achieves strong performance
through training on a large-scale, LLM-validated
multimodal dataset. Methodological innovations
are also prominent, such as Visual Sketchpad (Hu
et al., 2024b) enabling MLLMs to generate inter-
mediate sketches, G-LLaVA (Gao et al., 2023)
focusing on geometry, STIC (Deng et al., 2024)
employing self-training for visual comprehension,
and VCAR (Jia et al., 2024b) emphasizing visual-
centric supervision. These collective efforts high-
light a strong push towards integrating visual per-
ception with textual understanding, though chal-
lenges in advanced visual reasoning and the need
for diverse, large-scale datasets remain critical for
future progress (Yan et al., 2024a, 2025a).

E More Multimodal Question Examples

In this section, you can refer to Figures 12, 13, 14,
15, and 16 for more concrete examples from our
ERRORRADAR dataset.

F Additional Dataset Details
F.1 Annotation Details

To ensure the quality and relevance of the ERROR-
RADAR dataset for error detection tasks, we em-
ployed a rigorous manual annotation process, in-
volving professional educational experts as annota-
tors. This section outlines the details of the anno-
tation procedure, focusing on how the data was
enriched with step-by-step reasoning processes,
identification of erroneous steps, and error cate-
gorization.

Annotator Selection and Training. Given the
complexity of the task, we recruited a group of ten
annotators with specialized knowledge in educa-
tional theory and mathematics, particularly in K-12
pedagogy. These annotators were trained exten-
sively to familiarize themselves with the structure
and expectations of the task. The training cov-
ered the specifics of multimodal problem-solving in
mathematics, typical student error patterns, and the
need for precise identification of reasoning steps
that led to incorrect answers. The annotators were
also briefed on using the provided tools and the
quality assurance process.

Annotation Process. Each mathematical prob-
lem in the dataset was annotated with a step-by-step
reasoning process, capturing both correct and in-
correct approaches to problem-solving. Annotators
were provided with:

1. The original question stem (comprising both
text and image components).

2. The student’s most frequent incorrect answer.
3. The correct answer to the question.

4. The pedagogical analysis of the correct reason-
ing process, prepared by educational experts.

Based on these inputs, annotators were tasked
with:

1. Step-by-Step Reasoning Annotation: For
each problem, annotators mapped out the log-
ical steps that students should ideally follow
to arrive at the correct answer. This involved
identifying key stages in the problem-solving
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Question (Visual Part): Question (Textual Part):

The diagram has small squares.

111

QaQa

)
]
i)
()
]

Student’s Step-by-Step Solution (Reasoning Process):

# Step 1: Read the question and the text in the diagram "The diagram below has small blocks."

4 Step 2: Identify that there are 5 groups of small blocks in the diagram, each containing 100, representing 5 hundreds.
4 Step 3: Identify that there are 2 strips of small blocks in the diagram, each containing 10, representing 2 tens.
4 Step 4: Identify that there are 9 individual small blocks in the diagram, representing 9 ones.

4 Step 5: Combine the 5 hundreds, 2 tens, and 9 ones to write: 529,

4 Step 6: Output the result as 529.

.

ErrorRadar
GPT-40
GPT-40-mini

True Answer: 549 Error Category  Error Step

Student’s Answer: 529

Visual Perception Error Step 3

Knowledge 121‘1‘01‘e Step 2 ®
,®

Problem Type: Counting

Error Category: Visual Perception Error Gemini-Pro-1.5 Visual Perception Error Step

LLaVA-v1.6

Error Step: Step 3

Reasoning Error ® Step 3

Figure 12: Multimodal mathematical example one (type: counting) from ERRORRADAR dataset.

Question (Visual Parf): Question (Textual Part):

The perimeter of the figure below is cm.
20cm

24cm

Student’s Step-by-Step Solution (Reasoning Process):

4 Step 1: Read the text in the question and diagram "The perimeter of the figure below is cim.

@ Step 2: Determine the width of the figure as 20 cm.

4 Step 3: Determine the length of the figure as 24 cm.

@ Step 4: Convert the perimeter of the figure into the perimeter of a rectangle with a length of 24 cm and a width of
10 cm.

4 Step 5: Calculate the perimeter of the rectangle as 2 x (24 + 10).

@ Step 6: Calculate the result as 2 x 34 =68 (cm). ,

"

@ Step 7: Output the result as 68.
ErrorRadar

GPT-40

GPT-40-mini Visual Perception ]eroré Step 4

Gemini-Pro-1.5
LLaVA-v1.6

Error Categor
True Answer: 88 gory Error Step

Reasoning Error Step 4

Student’s Answer: 68

Problem Type: Plane Geometry

Error Category: Reasoning Error Knowledge ]Zl'l'Ol‘e Step 4

Error Step: Step 4 Calculation 121‘1‘01‘9 Step 5 ®

Figure 13: Multimodal mathematical example two (type: plane geometry) from ERRORRADAR dataset.

process, such as formula application, arith-
metic operations, or logical deductions.

2. Error Step Identification: For problems
where students provided incorrect answers,
annotators identified the exact steps where the
reasoning went wrong. These error steps were
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explicitly marked and linked to the incorrect
responses, ensuring that they could be traced
back to specific problem-solving mistakes.

. Error Categorization: Once the erroneous

step was identified, annotators assigned an ap-
propriate error category based on a predefined



Question (Visual Part): Question (Textual Part):

QI

N/

The area of the shaded region in the figure is square decimeters.

Student’s Step-by-Step Solution (Reasoning Process):

# Step 1: Read the problem description and the text in the figure: "The area of the shaded part is square decimeters."

4 Step 2: Determine that the outer diameter of the ring in the figure is 24 decimeters (twice 12 decimeters).

4 Step 3: Calculate the area of the outer cirele: 3.14 x (12)"2 = 3.14 x 144 = 452.16 square decimeters.

@ Step 4: Determine that the inner diameter of the ring in the figure is 24 decimeters.

4 Step 5: Calculate the area of the inner cirele: 3.14 x (12)"2 = 3.14 x 144 = 452.16 square decimeters.

# Step 6: Calculate the area of the shaded part as the product of the inner circle area and the outer circle area, i.e., 452.16 %
452.16 = 204276.1856 square decimeters. R

4 Step 7: Output the result as 2599.92.

.J/J ErrorRadar Error Category Error Step
GPT-40
Qwen-VL  Reasoning Error @ Stepd

MiniCPM-V2.5 Calculation Error® Step 6@

Human Visual Perception Error Step 6 @

True Answer: 339.12

Student’s Answer: 2599.92

Reasoning Error® Step 6 ®

Problem Type: Plane Geometry

Error Category: Visual Perception Error

Error Step: Step 4

Figure 14: Multimodal mathematical example three (type: plane geometry) from ERRORRADAR dataset.

Question (Visual Part): Question (Textual Part):

- -= g

o0l 00 Yool Look at the picture and write the equation. The complete equation is
o= “o- o=

Student’s Step-by-Step Solution (Reasoning Process):

4 Step 1: Read the problem and the text in the image "Look at the picture and write the equation.”
4 Step 2: Identify there are 9 piglets on the left.

@ Step 3: Identify there are 3 piglets on the right.

4 Step 4: Subtract the 3 piglets on the right from the 9 piglets on the left, ie., 9 - 3.

4 Step 5: Calculate the result as 6.

4 Step 6: Output the resultas 9 -3 =6. .

ErrorRadar Error Category Error Step

True Answer: 3+6=9 - —
GPT-40 Reasoning Error ® Step 4 @

Student’s Answer: 9-3=6
)IlSl]JtE‘l'pl'E‘tH‘tlﬂlle Step 3 @
of the Question

LLaVA-v1.6 Calculation Error & Step 4 &

GPT-40-mini
Problem Type: Counting

Error Category: Visual Perception Error

Error Step: Step 2 Human Visual Perception Exrror Step 2

Figure 15: Multimodal mathematical example four (type: counting) from ERRORRADAR dataset.

schema. These categories included common
types of errors such as misinterpretation of
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the question (More details can be seen in Sec-
tion 3.1). The categorization was designed



Question (Visual Part):

rectangles."

(square centimeters). .

Question (Textual Part):

As shown in the figure, a large rectangle is divided into 6 identical smaller
24em rectangles. If the length of a smaller rectangle is 24 centimeters, then the
area of the large rectangle is

Student’s Step-by-Step Solution (Reasoning Process):
# Step 1: Read the problem statement and the text in the diagram, "Divide a large rectangle into 6 identical smaller

# Step 2: Determine that the length of each smaller rectangle is 24 centimeters.

@ Step 3: From the diagram, it is known that the length of the smaller rectangle is 4 times its width.

4 Step 4: Calculate the width of the smaller rectangle, 24 + 4 = 6 (centimeters).

@ Step 5: Calculate the area of one smaller rectangle, 24 x 6 = 144 (square centimeters).

@ Step 6: Calculate the area of the large rectangle, which is the sum of the areas of 6 smaller rectangles, 144 x 6 = 764

square centimeters.

@ Step 7: The output result is 764.

True Answer: 864
Student’s Answer: 764

Problem Type: Plane Geometry
Error Category: Calculation Error

Error Step: Step 6

ErrorRadar

Error Category Error Step

GPT-40 Calculation Error Step 6

GPT-40-mini Reasoning Error®

Step 6

Gemini-Pro-1.5 Calculation Error

Step 3 ®

LLaVA-v1.6 Reasoning Error ®

Step 3 ®

Figure 16: Multimodal mathematical example five (type: plane geometry) from ERRORRADAR dataset.

to align with known student error patterns in
mathematical learning.

Quality Control and Cross-Validation. To en-
sure annotation accuracy and consistency, each
problem underwent two rounds of cross-checking:

1. First Round of Cross-Validation: After the
initial annotation, another annotator indepen-
dently reviewed the annotations. Any discrep-
ancies between the first and second annotators
were flagged for further analysis.

2. Second Round of Cross-Validation: In the
second round, if the errors or discrepancies
persisted, the problem was escalated to a se-
nior educational expert who acted as the anno-
tation lead. The annotation lead adjudicated
these contentious cases, ensuring that the final
decision was both pedagogically sound and
aligned with the dataset’s goals.

Dataset Refinement. Throughout the annota-
tion process, we worked closely with the educa-
tional organization from which the dataset origi-
nated. This collaboration ensured that the anno-
tations were not only reliable but also adhered to
the standards of the organization’s question bank.
Additionally, ongoing feedback and updates from
the organization helped refine the dataset, making

it more accurate and relevant for multimodal error
detection tasks.

Annotation Duration and Effort. The annota-
tion process for the ERRORRADAR dataset spanned
over a period of at least two months. During
this time, the annotators, comprised of both pro-
fessional educational experts and domain special-
ists, worked meticulously through several stages
of preparation, annotation, and validation. Each
annotator dedicated significant time to understand-
ing the dataset, reviewing the provided pedagogical
analyses, and applying their domain knowledge to
identify and categorize errors. The first phase, in-
volving step-by-step reasoning annotation, took ap-
proximately six weeks, while the subsequent cross-
validation and quality control efforts accounted for
the remaining two weeks. Given the complexity
of the tasks and the necessity for high precision,
the team’s sustained efforts ensured that the final
dataset was of the highest quality.

By incorporating these annotations, ERROR-
RADAR provides a robust foundation for studying
student errors in mathematical reasoning and en-
ables the development of advanced models for error
detection and correction.
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F.2 Details of Handling Inconsistent
Annotations

To ensure the quality and reliability of our dataset
for the multimodal mathematical error detection
task, we established a systematic approach to re-
solve annotation inconsistencies. This process bal-
ances annotator independence with rigorous quality
control, ensuring that the dataset is both accurate
and representative.

F.2.1 Annotation Agreement Principles

1. Guided Consensus: Annotations must align
with clear, predefined guidelines covering the
five error categories. Annotators are trained
extensively to reduce subjective biases.

2. Cross-Checking and Agreement Threshold:
Each instance is annotated by at least three
annotators. Disagreements are flagged for fur-
ther review.

3. Systematic Review Process: For inconsis-
tent cases, a multi-step resolution process is
applied:

(a) Initial Review: Annotators discuss
disagreements, referencing annotation
guidelines and the specific problem con-
text.

(b) Expert Arbitration: For unresolved
cases, a domain expert (e.g., an educa-
tional professional) reviews and finalizes
the annotation.

(c) Consensus-Driven Decisions: When
possible, annotations are harmonized
based on majority opinion or shared
agreement after discussions.

F.2.2 Case Resolution Framework

Case Example 1: Visual Perception vs. Reason-
ing Error

* Example: A problem presents a bar chart
requiring students to determine the highest
value. A student misidentifies the tallest bar
and selects the wrong answer.

— Annotator A labels this as a Visual Per-
ception Error, arguing the mistake stems
from misreading the chart.

— Annotator B classifies it as a Reasoning
Error, interpreting the mistake as a fail-
ure to compare values logically.

* Resolution: Annotators revisit the prob-
lem:

— If evidence shows the student misunder-
stood the chart format (e.g., interpreting
height as quantity but misjudging due to
poor visualization), it is classified as a
Visual Perception Error.

— If the student correctly interprets the
chart but misapplies logical comparisons
(e.g., failing to compare values explic-
itly), it is categorized as a Reasoning Er-
ror.

For persistent disagreement, an expert exam-
ines the student’s work, including any notes
or intermediate steps, to determine the correct
annotation.

Case Example 2: Knowledge vs. Misinterpreta-
tion of the Question

* Example: A problem asks for the perimeter
of a rectangle, but the student calculates the
area instead.

— Annotator A identifies this as a Knowl-
edge Error, attributing the mistake to a
lack of understanding of perimeter con-
cepts.

— Annotator B labels it as a Misinterpreta-
tion of the Question, asserting that the
student misunderstood what was being
asked.

¢ Resolution:

— Did the student’s work demonstrate un-
derstanding of the concept but apply it in-
correctly (Misinterpretation of the Ques-
tion)?

— Did the mistake reveal a fundamental gap
in knowledge about perimeter (Knowl-
edge Error)?

If disagreement persists, the annotators con-
sult the expert, who may analyze additional
context (e.g., previous responses or annota-
tions).

F.2.3 Handling Irreconcilable Disagreements

If discrepancies persist despite review and arbitra-
tion, the affected data points are excluded from
the dataset. This strict policy prioritizes the overall
quality and consistency of the dataset, ensuring that
retained samples maintain high reliability.
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F.2.4

Periodic feedback sessions are conducted to recal-
ibrate annotators and refine guidelines based on
observed patterns of disagreement. This iterative
approach minimizes future inconsistencies and en-
hances annotator alignment over time.

Monitoring and Feedback

F.3 Definition of Problem Type Category

The ERRORRADAR dataset distinguishes five pri-
mary types of multimodal mathematical problems,
each characterized by unique features:

% Plane Geometry Problems: These involve two-
dimensional shapes and figures, requiring knowl-
edge of properties such as angles, lines, and poly-
gons. Solving these problems often depends on
understanding basic geometric principles and the-
orems about plane figures.

% Solid Geometry Problems: In contrast to
plane geometry, solid geometry involves three-
dimensional objects, such as cubes, cylinders,
and spheres. These problems require spatial vi-
sualization and understanding of volume, sur-
face area, and the relationships between different
three-dimensional shapes.

% Diagram-Based Problems: These require anal-
ysis of provided visual information, such as
graphs, charts, or diagrams, to solve mathemati-
cal queries. Interpreting visual data correctly is
crucial, as these problems test the ability to ex-
tract and analyze quantitative information from
visual aids.

% Algebra Problems: Algebra problems focus on
abstract symbols and variables to represent num-
bers and relationships. These include tasks like
solving equations, manipulating algebraic expres-
sions, and understanding functions. The problem-
solving process typically involves logical reason-
ing and manipulation of mathematical symbols.

% Math Commonsense Questions: These encom-
pass a variety of problem types, including time
judgment, direction judgment, counting, and pat-
tern recognition. Unlike the other categories,
math commonsense challenges rely on every-
day mathematical reasoning and problem-solving
strategies that do not necessarily require formal
mathematical knowledge, testing intuitive under-
standing rather than procedural skills.

These problem types highlight the ERRORRADAR
dataset’s diverse nature, with each category pre-
senting distinct challenges and requiring specific
reasoning abilities.

F.4 Development and Validation Process of
Error Category

1. Cross-Team Collaboration to Align Task
Needs

The process began with close collaboration be-
tween the research team and the education team
to ensure that the error categories aligned with the
unique requirements of the multimodal math error
detection task. The research team provided insights
into the task’s technical objectives, focusing on
precision and comprehensive error coverage. Si-
multaneously, the education team contributed their
understanding of real-world educational scenarios,
emphasizing the practical relevance and applicabil-
ity of the error taxonomy to students’ and teachers’
needs.

Key Outcomes:

* Initial consensus that the categories must ad-
dress both multimodal challenges and real-life
classroom scenarios.

* Recognition of the need to balance academic
rigor with user-friendly categorization.

2. Benchmark Survey and Focus Analysis

The research team conducted an extensive survey
of representative benchmarks, focusing on error
analysis frameworks in existing datasets. Exam-
ples included studies on problem-solving steps in
educational Al and cognitive error modeling in
multimodal tasks. The aim was to identify gaps in
current frameworks and understand how existing
taxonomies handle errors specific to visual, textual,
and logical reasoning elements.
Key Outcomes:

* Identification of inadequacies in current
benchmarks, particularly in addressing mul-
timodal interactions like visual misinterpre-
tations and reasoning errors tied to diagram-
based tasks.

* Validation of the necessity for distinct cate-
gories to capture errors unique to multimodal
math problems.
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3. Collection of Feedback from Students and
Teachers

The education team collected qualitative and quan-
titative feedback from students and teachers to
ensure that the proposed error categories were
grounded in real-world educational needs. Focus
groups, surveys, and interviews were used to gather
perspectives on common error patterns encountered
during classroom activities and assessments.
Key Insights:

* Teachers highlighted frequent calculation er-
rors (CAL) and reasoning errors (REAS) as
significant roadblocks to effective problem-
solving.

* Students often reported confusion stemming
from visual misinterpretations (VIS) and mis-
understanding the question intent (MIS).

* Feedback emphasized the importance of
separating reasoning-based errors from
knowledge-based errors (KNOW) for better
diagnostic support.

4. Second Round of Discussion and Alignment

Following the feedback collection, the research and
education teams reconvened to refine and align the
error taxonomy. This phase involved iterative dis-
cussions to ensure that each category was distinct,
comprehensive, and intuitive for annotators and
end-users.

Adjustments Made:

* Clarified the scope of Reasoning Errors
(REAS) to focus on improper logical applica-
tion rather than factual knowledge gaps.

* Strengthened the definition of Visual Per-
ception Errors (VIS) to address multimodal-
specific challenges, such as interpreting dia-
grams or image-based data.

* Enhanced examples for each category to sup-
port annotation clarity.

5. Initial Finalization and Feedback from
Educational Organization

The refined error categories were presented to a
partner educational organization for feedback. This
organization, which specializes in global education
assessments, conducted an independent review and
provided expert input.

Key Outcomes:

* Positive validation of the categories’ relevance
and comprehensiveness.

* Minor recommendations, such as specifying
units and signs in the Calculation Errors
(CAL) category, were integrated.

6. Final Validation and Alignment with
Annotation Team

After incorporating feedback, the final set of er-
ror categories was finalized. The annotation team,
comprising educational experts, received detailed
guidelines and training to ensure consistent applica-
tion of the taxonomy during the annotation process.
Mock annotations were conducted to test the clarity
and usability of the categories.
Final Adjustments:

* Annotators highlighted the need for clearer
boundaries between Reasoning Errors
(REAS) and Knowledge Errors (KNOW),
leading to additional examples and decision
rules in the annotation guidelines.

* Alignment meetings ensured that all discrep-
ancies and ambiguities were resolved before
the dataset’s official annotation began.

The aforementioned development process en-
sured that the five categories are comprehensive,
robust, and applicable to both multimodal tasks and
real-world educational scenarios.

G Additional Experimental Details

G.1 More Main Results

In this section, Figure 17 shows the overall error
category performance of all models for F1, recall,
and precision, respectively. Figure 18 shows the
overall error step performance of all models. Ta-
bles 4, 5, and 6 show the category-level error
category performance for recall, precision, and F1,
respectively.

G.2

In the Human Performance section, the evaluation
involved three educational expert evaluators, each
independently performing the two subtasks — er-
ror step identification and error categorization —
on a set of multimodal math problems. To ensure
the validity of their assessments, a rigorous cross-
checking procedure was implemented. After the
initial independent evaluations, the results from all

Human Performance Evaluation
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Figure 18: Error step performance of all models.

three experts were compared for both the identifi-
cation of error steps and the categorization of those
errors. When discrepancies arose, particularly in
cases where the experts disagreed on which step
contained an error or how an error should be clas-
sified, a structured conflict resolution process was
followed.

The cross-check process began with identify-
ing areas of disagreement between the evaluators.
These conflicts were discussed in a series of consen-
sus meetings, where the evaluators would review
the conflicting steps or categorizations in detail.
Each expert provided their rationale, referencing
the mathematical principles involved as well as
the multimodal representations of the problems.
Through open dialogue, the evaluators aimed to
reach a consensus on the correct interpretation of
the error.

In cases where consensus could not be easily
achieved, a majority-vote system was employed.
However, for particularly complex or ambiguous
cases, an additional adjudicator — who did not par-
ticipate in the initial evaluations but had equivalent
expertise — was consulted to provide a final judg-
ment. This adjudicator reviewed the contentious
cases along with the evaluators’ justifications, en-
suring an unbiased final decision. The outcome of
this process was the creation of a refined ground
truth dataset that balanced expert knowledge with
the goal of consistent and reliable error identifica-
tion and categorization.

G.3 Prompt for MLLM Evaluation

You can refer to Figures 19 and 20 for prompt
details.

G4

Table 7 details specific sources for the various
MLLMs we evaluated. The hyperparameters for
the experiments are set to their default values un-
less specified otherwise.

Model Sources

G.5 Detailed Actionable Suggestions

Finding #1: Closed-source MLLMs outperform
open-source MLL.Ms

Actionable Suggestion: In order to improve
the performance of open-source MLLMs, it is
crucial to focus on distilling the error detection
capabilities of closed-source models (Hsich et al.,
2023; Liang et al., 2024a). One effective approach
is to use a teacher-student framework in which the
more powerful closed-source model acts as the
teacher and the open-source model as the student.
This method allows the open-source models to
learn from the strengths of closed-source models,
particularly in error detection tasks including
error step identification and error categorization.
Moreover, open-source models should leverage
datasets used by closed-source models and
augment their training process to better mimic
the proprietary training regimens of these models
(Liang et al., 2024a; Aslam et al., 2024). To
optimize performance, fine-tuning should be
guided by the insights from closed-source models,
including how these models handle complex error
categories and balance their performance across
various error types. This approach will ensure
a more robust open-source model, capable of
addressing the current performance gaps.

Finding #2: Open-source MLLMs over-
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Multimodal Large Language Models | Parameters | VIS CAL REAS KNOW MIS
Open-Source MLLMs

InternVL2 (Chen et al., 2023b) 2B 0.32 0.38 0.12 0.00 0.24
Phi-3-vision (Abdin et al., 2024) 4B 0.09 0.99 0.06 0.03 0.04
Yi-VL (Young et al., 2024) 6B 0.09 0.77 0.04 0.14  0.00
DeepSeek-VL (Lu et al., 2024a) 7B 0.04 0.90 0.00 0.28 0.06
LLaVA-v1.6-Vicuna (Liu et al., 2024a) B 0.40 0.14 0.08 0.00 0.55
InternVL-2 (Chen et al., 2023b) 8B 0.12 099 0.13 0.10 0.02
MiniCPM-LLaMA3-V2.5 (Yao et al., 2024) 8B 0.04 1.00 0.02 0.02 0.00
MiniCPM-V2.6 (Yao et al., 2024) 8B 0.11 0.87 0.12 0.10 0.17
Qwen-VL (Bai et al., 2023) 9B 0.08 099 0.03 0.00 0.00
GLM-4v (GLM et al., 2024) 13B 0.02 092 025 0.00 0.00
LLaVA-v1.6-Vicuna (Liu et al., 2024a) 13B 0.00 0.74 0.53 0.00 0.02
CogVLM2-LLaMA3 (Wang et al., 2023) 19B 043 033 0.00 0.13 0.00
InternVL2 (Chen et al., 2023b) 26B 0.39 0.84 035 0.00 0.10
LLaVA-NEXT (Liu et al., 2024a) 72B 0.07 0.85 0.31 0.07  0.00
InternVL2 (Chen et al., 2023b) 76B 0.33 092 0.25 0.10 0.08
Closed-Source MLLMs
Qwen-VL-Max (Bai et al., 2023) - 0.15 0.78 050 0.14 0.36
Claude-3-Haiku (Anthropic, 2024a) - 0.10 0.77 046  0.04 0.01
Claude-3.5-Sonnet (Anthropic, 2024b) - 0.35 048 0.64 0.21 0.11
Gemini-Pro-1.5 (Reid et al., 2024) - 043 0.55 0.63 0.18 0.13
GPT-40-mini (OpenAl, 2024a) - 0.09 046 0.62 0.31 0.13
GPT-40 (OpenAl, 2024b) - 046 0.50 0.64 0.09 0.46

Human Performance

| - |067 076 048 035 054

Human

Table 4: Comparison of open-source and closed-source MLLM performance (recall in percentage) across error detection
tasks. We also denote VIS, CAL, REAS, KNOW, and MIS for visual perception error, calculation error, reasoning error,
knowledge error, and misinterpretation of the question. The highest and second highest scores among MLLM:s in each column

are highlighted in red and blue , respectively.

Task Definition: You are an education expert proficient in K-12 mathematics. Your task is to
identify the first step where the mistake occurred in the incorrect answer reasoning steps based on
the following mathematical question (including the textual and visual parts), reference answer, and

incorrect answer.

Output format:
Error Step: Step X

Question Image: {image}
Question Text: {content}

Correct Answer: {answer}
Incorrect Answer: {user_answer}

Step X", without any additional content.

Below is the reference content you need to identify the error step:

Incorrect Answer Reasoning Steps:{user_answer_steps}

Instruction: Please provide the corresponding error step identification in the format "Error Step:

Figure 19: Prompt for error step identification task.

predict CAL category

Actionable Suggestion: The tendency for
open-source MLLMs to over-predict the CAL
(Calculation Error) category is an issue that
arises from their bias towards easier tasks. To
address this, models should be regularized during
training to reduce their preference for simpler
categories like CAL. This can be achieved
through the use of weighted loss functions, such

as Focal Loss (i et al.,, 2022) or AdaFocal
(Ghosh et al., 2022), which down-weight easier
categories and force the model to focus on more
challenging ones. Additionally, introducing class
balancing techniques such as oversampling the
underrepresented categories (e.g., REAS, KNOW)
or undersampling the CAL category can further
help in addressing this bias (Ghosh et al., 2024).
Another key approach is data augmentation, where
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Multimodal Large Language Models

| Parameters | VIS CAL REAS KNOW MIS

Open-Source MLLMs

InternVL2 (Chen et al., 2023b)
Phi-3-vision (Abdin et al., 2024)
Yi-VL (Young et al., 2024)
DeepSeek-VL (Lu et al., 2024a)
LLaVA-v1.6-Vicuna (Liu et al., 2024a)
InternVL-2 (Chen et al., 2023b)
MiniCPM-LLaMA3-V2.5 (Yao et al., 2024)
MiniCPM-V2.6 (Yao et al., 2024)
Qwen-VL (Bai et al., 2023)
GLM-4v (GLM et al., 2024)
LLaVA-v1.6-Vicuna (Liu et al., 2024a)
CogVLM2-LLaMA3 (Wang et al., 2023)
InternVL2 (Chen et al., 2023b)
LLaVA-NEXT (Liu et al., 2024a)
InternVL2 (Chen et al., 2023b)

2B 0.11 043 043 000 0.11
4B 0.40 040 065 026 0.22
6B 023 037 043 005 0.00
7B 0.16 041 044 0.10 0.11
7B 021 042 045 000 0.05
8B 0.62 041 0.61 033 033
8B 0.61 037 0.51 0.15  0.00
8B 0.54 042 055 008 0.13
9B 0.39 039 036 000 025
13B 0.76 041 052 0.00 0.00
13B 0.00 048 047 000 0.37
19B 0.13 039 026 0.04 0.00
26B 0.53 048 057 033 044
72B 0.66 042 0.51 045 0.08
76B 0.55 045 066 056 0.52

Closed-Source MLLMs

Qwen-VL-Max (Bai ct al., 2023)
Claude-3-Haiku (Anthropic, 2024a)
Claude-3.5-Sonnet (Anthropic, 2024b)
Gemini-Pro-1.5 (Reid et al., 2024)
GPT-40-mini (OpenAl, 2024a)
GPT-40 (OpenAl, 2024b)

0.81 053 057 036 024
0.60 045 052 0.16 040
0.61 056 052 0.13 046
0.73 056 055 041 0.37
090 0.54 0.51 0.08 0.27
080 0.61 055 044 0.17

Human Performance

Human

[0.64 0.68 0.64 023 038

Table 5: Comparison of open-source and closed-source MLLM performance (precision in percentage) across error detection
tasks. We also denote VIS, CAL, REAS, KNOW, and MIS for visual perception error, calculation error, reasoning error,
knowledge error, and misinterpretation of the question. The highest and second highest score among MLLMs in each column are

highlighted in red and blue , respectively.

the variety and complexity of error cases are
increased, particularly for the more challenging
categories. This will ensure that the model learns
to classify all types of errors more evenly, avoiding
an over-reliance on CAL (Igbal et al., 2024).
Finally, meta-learning techniques can be employed
to dynamically adjust the model’s bias toward
different categories during training, allowing the
model to better adapt to different error types
(Vettoruzzo et al., 2024).

Finding #3: STEP tasks are easier than
CATE tasks
Actionable Suggestion: The disparity in perfor-
mance between STEP and CATE tasks suggests
that MLLMs need to be trained to better handle the
complexity of error categorization. Since STEP
tasks primarily involve localizing specific errors,
which is conceptually simpler than categorizing
them, it is crucial to build a stronger relationship
between the two tasks in the training process. One
effective method is to use multi-task learning,
where the model is simultaneously trained on both
STEP and CATE tasks, allowing it to learn not
only how to localize errors but also how to classify
them accurately (Chen et al., 2024; Xin et al.,
2024). Additionally, contrastive learning can be
used to distinguish between similar error steps and
categories, improving the model’s ability to reason
about the relationship between error localization

and categorization. Training data should also be
designed to emphasize this relationship, ensuring
that the model can learn the necessary contextual
understanding to categorize errors correctly. By
focusing on these aspects, MLLMs will be better
equipped to handle the more complex task of error
categorization (Hu et al., 2024a).

Finding #4: CAL is the easiest category, while
KNOW is the hardest
Actionable Suggestion: The difficulty gap
between CAL and KNOW errors highlights the
need for specialized strategies to handle knowledge
errors. Since CAL errors are generally more
deterministic and easy to identify, while KNOW
errors require deeper understanding and reasoning,
MLLMs should incorporate domain-specific
knowledge to improve their performance in this
category. One approach is to integrate external
knowledge bases or knowledge graphs into
the training dataset, providing the model with
richer, contextually relevant information. This
will help the model recognize errors related to
factual inaccuracies or incomplete reasoning
(Sun et al., 2023; Pan et al., 2024). Additionally,
knowledge-intensive reasoning models can be
introduced to simulate more advanced human-like
problem-solving capabilities. Techniques such as
external validation of logical consistency can also
be applied to better identify and rectify knowledge
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Multimodal Large Language Models

| Parameters | VIS CAL REAS KNOW MIS

Open-Source MLLMs

InternVL2 (Chen et al., 2023b)
Phi-3-vision (Abdin et al., 2024)
Yi-VL (Young et al., 2024)
DeepSeek-VL (Lu et al., 2024a)
LLaVA-v1.6-Vicuna (Liu et al., 2024a)
InternVL-2 (Chen et al., 2023b)
MiniCPM-LLaMA3-V2.5 (Yao et al., 2024)
MiniCPM-V2.6 (Yao et al., 2024)
Qwen-VL (Bai et al., 2023)
GLM-4v (GLM et al., 2024)
LLaVA-v1.6-Vicuna (Liu et al., 2024a)
CogVLM2-LLaMA3 (Wang et al., 2023)
InternVL2 (Chen et al., 2023b)
LLaVA-NEXT (Liu et al., 2024a)
InternVL2 (Chen et al., 2023b)

2B 0.16 040 0.19 000 0.15
4B 0.15 057 0.12  0.05 0.06
6B 0.13 050 0.08 0.08 0.00
7B 0.07 0.57 0.00 0.15 0.08
7B 028 022 0.14 0.00 0.09
8B 020 059 022 016 0.04
8B 0.07 054 0.04 0.04 0.00
8B 0.18 056 0.19 0.08 0.15
9B 0.14 056 0.06 0.00 0.01
13B 0.04 057 034 0.00 0.00
13B 0.00 0.58 0.50 0.00 0.04
19B 0.21 036 0.01 0.06  0.00
26B 045061 044 001 0.17
72B 0.12 057 039 0.12 0.01
76B 0.41 0.60 036 0.18 0.14

Closed-Source MLLMs

Qwen-VL-Max (Bai ct al., 2023)
Claude-3-Haiku (Anthropic, 2024a)
Claude-3.5-Sonnet (Anthropic, 2024b)
Gemini-Pro-1.5 (Reid et al., 2024)
GPT-40-mini (OpenAl, 2024a)
GPT-40 (OpenAl, 2024b)

- 025 020 053 @ 025 0.29
- 0.17 057 049 006 0.03
- 0.45 051 058 0.16 0.18
- 054 056 058 025 0.19
- 0.16 0.50 056  0.13 0.17
- 058 055 059 0.15 025

Human Performance

Human

- [0.65 0.71 055 028 044

Table 6: Comparison of open-source and closed-source MLLM performance (F1 in percentage) across error detection tasks. We
also denote VIS, CAL, REAS, KNOW, and MIS for visual perception error, calculation error, reasoning error, knowledge error,
and misinterpretation of the question. The highest and second highest score among MLLMs in each column are highlighted in

red and blue , respectively.

errors. Furthermore, few-shot learning methods
can be used to allow MLLMs to generalize
from limited examples, especially for rare or
complex knowledge errors that are more difficult
to detect (Ma et al., 2023a,b). By improving the
model’s access to domain-specific knowledge and
reasoning tools, its ability to handle KNOW errors
will be significantly enhanced.

Finding #5: Gap to human-level performance
in error detection
Actionable Suggestion: To bridge the gap
between human-level performance and MLLM
performance, particularly in tasks such as Visual
Perception Errors (VIS) and Reasoning Errors
(REAS), MLLMs need to be trained to better
mimic human cognitive processes. One promising
approach is to employ Reinforcement Learning
from Human Feedback (RLHF), where human
evaluators guide the model by providing corrective
feedback and insights into error causes (Wang
et al., 2024a; Kirk et al., 2023). This will help the
model align more closely with human reasoning
mechanisms, particularly in tasks that require
higher-level cognitive functions. In addition,
models can be trained to simulate human visual
perception by integrating attention mechanisms
and vision-language models that enable more
sophisticated visual error detection. Incorporating
logical reasoning modules into the model will

also improve its performance in REAS, allowing
it to understand the logical flow of the problem
and detect reasoning errors more effectively.
Finally, cross-modal alignment between text and
image modalities will ensure that MLLMs process
visual and textual inputs in a more integrated
and human-like manner, thereby improving
performance in VIS error detection (Shen et al.,
2023). By aligning MLLMs more closely with
human cognitive processes, it is possible to achieve
significant improvements in error detection tasks
and approach human-level performance.

Finding #6: Best Generalist models outper-
form specialized ones
Actionable Suggestion: To enhance the perfor-
mance of specialized reasoning and math models
on complex multimodal error analysis tasks, de-
velopers should prioritize strategies that broaden
their contextual understanding and error analysis
capabilities beyond their narrow domain. One key
action is to augment their training datasets with a
more diverse range of multimodal examples that
explicitly feature varied error types and require nu-
anced, cross-modal reasoning for identification (Li
etal., 2023; Yin et al., 2024; You et al., 2024). This
could involve curating or synthetically generating
data that forces models to not just solve a problem,
but to also analyze and explain potential errors in
presented solutions, mirroring the capabilities of
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Task Definition: You are an education expert proficient in K-12 mathematics. Your task is to
identify the category of error for the incorrect answer based on the following question (including
the textual and visual parts), reference answer, and incorrect answer. The error should belong
to one of the following categories: Visual Perception Error, Reasoning Error, Knowledge Error,
Calculation Error, or Misinterpretation of the Question.

Output format:
Error Category: Clearly indicate which error category it belongs to.

The definitions of the error categories are as follows:

“Visual Perception Error: Failure to accurately obtain information from the images or charts in
the question due to visual issues, leading to errors.

%Reasoning Error: Improper reasoning during the problem-solving process, failure to correctly
apply logical relationships or draw conclusions, leading to errors

#*Knowledge Error: Errors occur when applying relevant knowledge points due to incomplete or
incorrect understanding of knowledge.

“Calculation Error: Errors occur in the calculation process, such as addition, subtraction, mul-
tiplication, division mistakes, or unit conversion errors, or errors in numerical symbols between
multiple steps.

Y Misinterpretation of the Question: Failure to correctly understand the requirements of the ques-
tion or misinterpreting the meaning of the question stem, leading to an irrelevant answer, such as

Question Image: {image}
Question Text: {content}

Correct Answer: {answer}
Incorrect Answer: {user_answer }

without any additional content.

answering with numbers when letters are required, and vice versa.

Below is the reference content you need to identify the error step:

Incorrect Answer Reasoning Steps:{user_answer_steps}

Instruction: Please provide the corresponding error category in the format "Error Category: X",

Figure 20: Prompt for error categorization task.

generalist models. Furthermore, incorporating in-
struction tuning with fine-grained error analysis
prompts, similar to how general-purpose visual lan-
guage models are trained (Liu et al., 2023), can
help specialized models develop a more robust un-
derstanding of error patterns. Finally, exploring
hybrid architectures or ensemble methods, where
a specialized model’s deep domain knowledge is
guided or supplemented by a generalist model’s
broader contextual awareness and error-spotting
acumen, could offer a practical path to improved
performance without sacrificing specialization en-
tirely (Xu et al., 2025; Bi et al., 2025; Yan et al.,
2025b).

G.6 CAL and non-CAL Distribution of
MLLMs

In this section, we indicate the distribution of CAL
and non-CAL category predictions of 21 represen-
tative MLLMs, as shown in Figure 21. It can be
seen that there is a bias towards CAL category
among most open-source MLLMs, while closed-
source ones except for Claude-3-Haiku and Qwen-
VL-Max do not have such a bias for error catego-
rization task.

G.7 Visual Perception Analysis

Finding #1: Closed-source MLLMs are most
likely to misjudge VIS as REAS in error cat-
egorization task. Taking GPT-40 model as an
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MLLMs | Source

| URL

InternVL2-2B local checkpoint

https://huggingface.co/OpenGVLab/
InternVL2-2B

InternVL2-8B local checkpoint

https://huggingface.co/OpenGVLab/
InternVL2-8B

InternVL2-26B local checkpoint

https://huggingface.co/OpenGVLab/
InternVL2-26B

InternVL2-76B local checkpoint

https://huggingface.co/OpenGVLab/
InternVL2-L1lama3-76B

Phi-3-vision-4B local checkpoint

https://huggingface.co/microsoft/
Phi-3-vision-128k-instruct

Yi-VL-6B

local checkpoint

https://huggingface.co/01-ai/Yi-VL-6B

DeepSeek-VL-7B local checkpoint

https://huggingface.co/deepseek-ai/
deepseek-v1-7b-chat

LLaVA-v1.6-Vicuna- local checkpoint

https://huggingface.co/1lava-hf/

7B llava-v1.6-vicuna-7b-hf
LLaVA-v1.6-Vicuna- local checkpoint https://huggingface.co/llava-hf/
13B 1llava-v1.6-vicuna-13b-hf

LLaVA-NEXT-72B local checkpoint

https://huggingface.co/1llava-hf/
llava-next-72b-hf

MiniCPM-V2.5-8B local checkpoint

https://huggingface.co/openbmb/
MiniCPM-Llama3-V-2_5

MiniCPM-V2.6-8B local checkpoint

https://huggingface.co/openbmb/
MiniCPM-V-2_6

Qwen-VL-9B local checkpoint

https://huggingface.co/Qwen/Qwen-VL-Chat

GLM-4v-13B local checkpoint

https://huggingface.co/THUDM/glm-4v-9b

CogVLM2-19B local checkpoint

https://huggingface.co/THUDM/
cogvlm2-1lama3-chat-19B

Qwen-VL-Max gwen-v1-max-0809

https://modelscope.cn/studios/qwen/

Claude-3-Haiku claude-3-haiku

https://www.anthropic.com/api

Claude-3.5-Sonnet claude-3-5-sonnet

https://www.anthropic.com/api

Gemini-Pro-1.5 gemini-1.5-pro-latest

https://deepmind.google/technologies/

gemini/pro/

GPT-40-mini gpt-40-mini-2024-07-18 https://platform.openai.com/docs/models/
gpt-4o-mini

GPT-40 gpt-40-2024-08-06 https://platform.openai.com/docs/models/

|

|

‘ Qwen-VL-Max
|

|

‘ gpt-40

Table 7: Sources of our evaluated MLLMs.

example, as shown in the Figure 22, 48% of VIS
are misclassified as REAS, followed by 30% being
misjudged as MIS. When MLLM needs to handle
information involving both visual and linguistic el-
ements simultaneously, if an erroneous response
to a math query originates from VIS, it mistakenly
attributes this to a flaw in logical reasoning that oc-
curs subsequent to initial visual misinterpretation.

Finding #2: Open-source MLLMs are more
likely to misclassify VIS as CAL. Taking the
open-source model CogVLM2-LLaMA3, which

performs best in identifying VIS, as an example,
CAL accounts for 64% of misclassified category,
as illustrated in the Figure 22. When handling
complex visual information, especially in geome-
try problems, the MLLM often struggles to accu-
rately extract key features. Due to the open-source
MLLM’s weaker multimodal integration capabili-
ties, it simplifies visual issues into numerical calcu-
lation problems. The lack of sufficient training and
data for visual-related errors is also a key reason
behind this phenomenon (Wichmann and Geirhos,
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Figure 21: Distribution of CAL and non-CAL category predictions of all MLLMs we evaluate.
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Figure 22: The error category distribution of misjudged VIS
cases of GPT-4o (left) and CogVLM2-LLaMA3 (right).

2023). See more analysis on misclassification for
each category and visual perception case study in
Appendix G.8 and G.9.

G.8 Analysis of Confusion Matrix for CATE
task

Figures 23 and 24 present the confusion matrices
for InternVL2-76B and GPT-40, two MLLMs eval-
uated on five error categories. The matrices show
the count of predictions for each category, with
diagonal entries representing correct predictions
and off-diagonal entries indicating misclassifica-
tions. These visualizations provide insights into
each model’s strengths and weaknesses.

InternVL2-76B shows strong performance in de-
tecting CAL, with 843 correct predictions, indi-
cating its robust numerical reasoning capability.
However, the model struggles to distinguish be-
tween REAS and CAL, misclassifying 626 REAS
instances as CAL. This confusion suggests an over-
reliance on numerical features and an inability
to separate logical reasoning tasks from compu-
tational ones. Additionally, there is significant mis-
classification of VIS into CAL, with 244 cases,
highlighting a potential weakness in integrating vi-
sual and textual modalities. These trends may stem
from InternVL2-76B’s limited domain-specific rea-
soning ability.

76B. Its capability in REAS is also notable, with
617 correct predictions, suggesting a more bal-
anced reasoning ability. However, GPT-40 strug-
gles more with CAL, achieving only 460 correct
predictions, and shows significant confusion be-
tween CAL and REAS, with 299 CAL instances
misclassified as REAS. Furthermore, the model has
difficulty with MIS, misclassifying 45 MIS cases
as REAS, pointing to challenges in identifying nu-
anced interpretational issues. These trends sug-
gest that GPT-40’s emphasis on multimodal align-
ment and contextual understanding contributes to
its strengths in VIS and REAS but comes at the
expense of CAL performance.

Comparing the two models reveals distinct
strengths and weaknesses. GPT-40 significantly
outperforms InternVL2-76B in VIS, likely due to
superior multimodal visual-text alignment capa-
bilities. Both models exhibit confusion between
REAS and CAL, but GPT-40 shows a more bal-
anced classification ability in REAS. MIS remains
a challenging category for both models, though
GPT-40 struggles slightly more in distinguishing
it from REAS. These differences may arise from
variations in model architecture and training objec-
tives. This analysis underscores the complementary
strengths of these models: InternVL2-76B excels
in numerical reasoning, while GPT-40 performs
better in visual perception and logical reasoning.
Future research could explore ways to integrate
their strengths for a more robust multimodal error
detection system.
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Figure 23: The confusion matrix of five error categories
predicted by InternVL2-76B, the open-source MLLM
with the best overall performance on error detection.

G.9 Visual Bad Cases Predicted by GPT-40

Visual perception errors are critical in multimodal
error detection tasks, as they impact the accu-
rate comprehension of mathematical problems pre-
sented with both text and diagrams. As illustrated
in Figures 25, 26, 27, 28 and 29, the five primary
categories of visual errors observed in GPT-4o (the
MLLM with best overall and VIS performance)
include distance perception, diagram percep-
tion, spatial perception, flip/fold perception, and
shape perception. These categories differ in their
cognitive demands: distance perception focuses on
point identification; diagram perception on quanti-
tative estimation; spatial perception on geometric
visualization; flip/fold perception on mental rota-
tion; and shape perception on object classification
(Lu et al., 2024b; Zhang et al., 2024b). Detecting
such errors is challenging because they often re-
quire both intricate visual processing and precise
interpretation of mathematical relations, which can
be difficult to encode in current MLLMs. To over-
come these challenges, future MLLMs should in-
corporate more advanced visual reasoning capabili-
ties, possibly through enhanced alignment between
vision and language modalities, enabling better de-
tection and correction of complex perception errors
(Song et al., 2023). This could significantly im-
prove the robustness of MLLMs in mathematical
and other perception-heavy tasks.

G.10 Relation between Error Category and
Error Step

Finding #1: There is a close relationship be-
tween different error category and their distri-
bution in the reasoning steps. As shown in Figure

Confusion Matrix
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~
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Figure 24: The confusion matrix of five error categories
predicted by GPT-4o, the closed-source MLLM with the
best overall performance on error detection.

30, VIS tends to occur in the earlier to mid-stages,
accounting for a median proportion of 0.5 of total
steps. In contrast, MIS, REAS, CAL, and KNOW
are more likely to arise in the later stages, with
their median proportions ranging from 0.7 to 0.9.
More analysis of this relationship across MLLMs
in terms of cognitive load analysis can be seen in
Appendix G.11.

Finding #2: VIS occurs in the earlier stages
of problem-solving reasoning. This finding could
be closely linked to the sequence in which stu-
dents approach the task (Binz and Schulz, 2023;
Kennedy and Romig, 2024). Since image content
often serves as a key reference early on, any mis-
interpretation of this visual information directly
impacts the subsequent problem-solving steps. Stu-
dents typically first examine the image, and then
integrate the information before proceeding to rea-
soning or calculation. As a result, visual perception
errors arise earlier compared to other types of er-
rors.

Finding #3: Other error categories are pri-
marily in later stages of problem-solving rea-
soning. This may be linked to the increasing
cognitive load students encounter during problem-
solving. Cognitive Load Theory posits that infor-
mation complexity ranges from low to high inter-
activity (Paas et al., 2010; Binz and Schulz, 2023).
While low-interactivity information can be under-
stood independently, high-interactivity information
requires simultaneous processing of related ele-
ments, thus increasing cognitive load (Kennedy
and Romig, 2024; Abbad-Andaloussi et al., 2023).
In later stages, students must integrate complex
information from multiple sources. For instance,
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Distance Perception

Question: As shown in the figure, the point on the number

line representing -2.75 is point .

True Answer: A | “‘! | B C Q '
Student’s Answer: B -3 i) -1 0
Reasoning Steps:

@ Step 1: Read the question and the text on the number line. which states "The point representing -2.75 on the number line is
@ Step 2: Determine the position of the point representing -2.75 on the number line.

@ Step 3: Identify from the diagram the values represented by points A, B. C, and D.

@ Step 4: Establish that point B is near the position representing -3. point A represents -2.25, point C represents -1.75, and point D represents -1.25
@ Step 5: Based on the number line position. conclude that the point representing -2.75 is point B.

@ Step 6: Output the result as B

Err. Cate. by GPT-40: Reasoning Err.

v

point."

Figure 25: Distance bad case where GPT-40 predicts visual perception errors incorrectly.

Diagram Perception

Question: To understand the growth situation of a certain type of flower in a botanical
garden, a sample of 200 flowers was randomly selected from a plot with approximately 3000
such flowers, and their heights were measured. After organizing the statistical results, the data
is listed as follows: (each group of data may include the minimum value but does not include
the maximum value) Estimate the number of such flowers in the plot with a height less than

55 c¢m and not less than 45 cm to be about flowers.
True Answer: 960 = ] 1T T i
Student’s Answer: 1440 | Height(cm)  40~45. 45~50. 50~55¢ 55~60. 60~65.

‘i Frequency 33. 42 22. 24. 43. 36+

Reasoning Steps:

@ Step 1: Read the problem statement and chart text "Estimate the number of such flowers in the garden with a height less than 55 cm and not less than 45
cm is about plants."

@ Step 2: Determine the total sample size as 200 plants.

@ Step 3: Determine the total number of flowers as 3000 plants.

@ Step 4: Read from the chart that the number of flowers with a height of 45-50 cm is 42 plants.

@ Step 5: Read from the chart that the number of flowers with a height of 50-55 cm is 32 plants.

@ Step 6: Calculate the number of flowers with a height between 45-55 cm as 42 + 32 = 72 plants.

@ Step 7: Calculate the proportion of flowers with a height between 45-55 cm in the sample as 72 / 200 = 0.36.

4 Step 8: Multiply the total number of flowers, 3000 plants, by the proportion in the sample, 0.36, to calculate approximately 3000 x 0.36 = 1440 plants.

4 Step 9: Output the result as 1440.

Err. Cate. by GPT-40: Calculation Err.

Figure 26: Diagram bad case where GPT-40 predicts visual perception errors incorrectly.

Spatial Perception

Question: Using small cubes with an edge length of 1 cm to form the geometric shape shown in
the figure, place this shape on a table and paint the exposed surfaces with color (excluding the
bottom surface), then the total area of the painted surfaces is cm?.

True Answer: 27

Student’s Answer: 41

Reasoning Steps:

@ Step 1: Read the problem statement and the text in the diagram, "The geometric shape shown is made up of small cubes with an edge length of 1 cm. Place this
geometric shape on the table and paint the exposed surfaces (excluding the bottom surface), then the total area of the painted surfacesis __ 1 ."

@ Step 2: Observe the structure of the geometric shape and confirm it is composed of small cubes.

@ Step 3: From the front view, count the number of small squares, totaling 6.

@ Step 4: From the left view, count the number of small squares, totaling 6.

@ Step 5: From the top view, count the number of small squares, totaling 8.

4 Step 6: From the right view, count the number of small squares, totaling 6.

@ Step 7: From the back view, count the number of small squares, totaling 6. ;

4 Step 8: Add the number of small squares from each face, totaling 6 +6 + 8 +6 + 6 =32. £

@ Step 9: Count the number of small squares on the bottom face, totaling 9.

4 Step 10: Add the number of small squares on the bottom face to the previous total, 32 +9 =41.

@ Step 11: Calculate the total area of the painted surfaces, which is the area of 41 small squares.

@ Step 12: Output the result as 41. /

Err. Cate. by GPT-40: Misinterpretation of the Question

Z

Figure 27: Spatial bad case where GPT-40 predicts visual perception errors incorrectly.

calculating the distance between two points needs
increasing interactivity heightens cognitive load,
leading to errors like forgetting to take the square
root or miscalculating differences. Consequently,

as cognitive load rises, the frequency of errors in
later steps also increases.
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True Answer: 2502
Student’s Answer: 2505
Reasoning Steps:

@ Step 2: Observe that the number in the mirror is "5025."

@ Step 5: Output the result as 2505.

Err. Cate. by GPT-40: Reasoning Err.

Flip/Fold Perception

Question: A number is shown in the mirror as illustrated, then the actual number is

@ Step 1: Read the problem statement and the text in the image: "The number in the mirror is shown in the figure."

@ Step 3: Based on the properties of mirror symmetry, the number seen in the mirror is actually flipped horizontally and vertically.
@ Step 4: Flip the number "2502" horizontally to get the actual number "2505."

Figure 28: Flip & fold bad case where GPT-40 predicts visual perception errors incorrectly.

Question: True or False: The following figure is a
convex polygon . (Fill in "True" or "False")
True Answer: True

Student’s Answer: False

Reasoning Steps:

@ Step 2: Observe the accompanying image.

@ Step 4: Through observation, confirm that the shape is a convex polygon

@ Step 5: Conclude that the shape is a convex polygon.
@ Step 6: Output the result as "True".

Shape Perception

4 Step 1: Read the problem statement and the text on the image: "True or False: The following shape is a convex polygon - (Fill in 'True' or 'False’)".

# Step 3: Determine if the shape meets the characteristics of a convex polygon based on its definition.

Err. Cate. by GPT-40: Misinterpretation of the Question

Figure 29: Shape bad case where GPT-40 predicts visual perception errors incorrectly.
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Figure 30: The error step distribution (in percentage) of error
categories in ERRORRADAR dataset.

G.11 Cognitive Load Analysis Across
MLLMs

In analyzing the error step distribution for the mul-
timodal error detection task using InternVL2-76B
(see Figure 31) and GPT-4o (see Figure 32), we
observe a consistency in the pattern of error cate-
gory distribution across both MLLM’s predictions
and those in ERRORRADAR (see Figure 30). In
particular, VIS tends to occur in the earlier stages
of problem-solving for both MLLMs, which aligns
with the sequence in which students typically ap-
proach tasks. Since visual content often serves as
a key reference at the outset, any misinterpreta-
tion of this information can significantly impact
subsequent steps. Students generally examine the

image first and then integrate the information be-
fore proceeding to reasoning or calculation, leading
to visual perception errors arising earlier compared
to other types of errors.

Other error categories, such as REAS, CAL,
MIS, and KNOW, are more likely to emerge in
the later stages of problem-solving. This pattern
is linked to the increasing cognitive load students
encounter as they progress. According to Cognitive
Load Theory, information complexity ranges from
low to high interactivity. Low-interactivity infor-
mation can be understood independently, whereas
high-interactivity information requires the simulta-
neous processing of related elements, thereby in-
creasing cognitive load. In the later stages, students
must integrate complex information from multiple
sources, which can lead to errors like forgetting to
take the square root or miscalculating differences
when calculating distances, for example. Conse-
quently, the frequency of errors in later steps in-
creases with the rising cognitive load.

Despite the overall pattern being consistent,
there may be subtle differences between InternVL2-
76B and GPT-40 in terms of error step distribution,
especially for MIS category. These differences
could be attributed to the models’ distinct architec-
tures and training data, which might influence their
approaches to error detection. As an open-source
MLLM, InternVL2-76B might not have been opti-
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mized for specific types of questions or educational
contexts, which could lead to a higher variability
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Figure 31: The error step distribution (in percentage) of
error categories predicted by InternVL2-76B, the open-
source MLLM with the best overall performance on error
detection.
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Figure 32: The error step distribution (in percentage) of
error categories predicted by GPT-4o, the closed-source
MLLM with the best overall performance on error detec-
tion.

H Clarification of LLM Usage

In the spirit of transparency, we clarify that Gemini-
Pro-2.5 was utilized in the preparation of this
manuscript. Its use was strictly limited to language
polishing, including grammar correction, syntax
refinement, and improving the overall fluency of
the text. The LLM did not contribute to any of
the core scientific aspects of this work. The con-
ceptualization of the ERRORRADAR benchmark,
the experimental design, the data analysis, and the
interpretation of the results are entirely the original
work of the human authors, who retain full respon-
sibility for the intellectual content and integrity of
this paper.
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