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Abstract. Assessing student handwritten scratchwork is crucial for per-
sonalized educational feedback but presents unique challenges due to
diverse handwriting, complex layouts, and varied problem-solving ap-
proaches. Existing educational NLP primarily focuses on textual responses
and neglects the complexity and multimodality inherent in authentic hand-
written scratchwork. Current multimodal large language models (MLLMs)
excel at visual reasoning but typically adopt an “examinee perspective”,
prioritizing generating correct answers rather than diagnosing student
errors. To bridge these gaps, we introduce ScratchMath, a novel
benchmark specifically designed for explaining and classifying errors in
authentic handwritten mathematics scratchwork. Our dataset comprises
1,720 mathematics samples from Chinese primary and middle school
students, supporting two key tasks: Error Cause Explanation (ECE)
and Error Cause Classification (ECC), with seven defined error types.
The dataset is meticulously annotated through rigorous human-machine
collaborative approaches involving multiple stages of expert labeling, re-
view, and verification. We systematically evaluate 16 leading MLLMs on
ScratchMath, revealing significant performance gaps relative to human
experts, especially in visual recognition and logical reasoning. Proprietary
models notably outperform open-source models, with large reasoning
models showing strong potential for error explanation. All evaluation
data and frameworks are publicly available to facilitate further research.

Keywords: Multimodal Large Language Models · Mathematical Reason-
ing · Error Diagnosis · Multimodal Systems · Benchmarking · Handwritten
Recognition.
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1 Introduction

Problem Statement:  一块砌墙用的砖头，

长20厘米，宽为11厘米，高为6厘米，每立

方厘米砖头重1.5克，这块砖头重几千克。

(Brick dimensions 20× ️11×6 cm, density 

1.5g/cm^3. Find the weight in kilograms.)

Reference Answer:  1.98

Student Answer:  1980

Student Scratchwork

Original Dataset

Task I:  Error Cause Explanation
以克为单位作答，未转换为千克。

(Answered in grams without 
converting to kg.)

Task II:  Error Cause Classification
题目理解错误

(Problem Comprehension Error)

RQ1: What challenges do MLLMs face in error cause detection?

RQ2: How does problem type affect model performance?

RQ3: How does problem difficulty affect model performance?

Qualitative Analysis:   Detailed Case Study

Quantitative Analysis
- Misaligned Misinterpretation
- Reference Answer Error
- Judge Errors

Model Performance

Error Cause 
Categories

Mathematics 
Topics

Grade Level Classification Task
Performance

Explanation Task
Performance

- Visual Recognition Failure
- Formatting Misinterpretation
- Hallucination

Fig. 1: Overview of this work. (Top) An example illustrating two tasks proposed.
(Bottom) Summary of the three research questions addressed in this study.

Automatically analyzing student work to provide precise, personalized feed-
back is critical in educational AI [33,12,8]. Teachers often diagnose misconceptions
and errors by examining students’ handwritten scratchwork [5]. Authentic scratch-
work reflects individual cognitive processes but introduces unique challenges:
ambiguity in symbol recognition (e.g., confusion between “1,” “l,” and “|”), complex
spatial layouts (e.g., fractions, superscripts), and personalized problem-solving
strategies [5]. Accurate automated analysis of scratchwork can significantly en-
hance personalized teaching interventions [30].

Previous educational NLP studies utilized rule-based systems or machine
learning classifiers for error detection [4,17], but these approaches lack general-
izability and rely heavily on expert-defined error types. Recent work involving
fine-grained LLM-based analyses using cognitive theory-guided strategies [11] or
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iterative feedback loops [6] mostly address textual answers, neglecting multimodal
inputs such as handwritten scratchwork.

While multimodal large language models (MLLMs) [14,2] excel at visual
reasoning tasks, they primarily adopt an “examinee perspective,” focusing on
generating correct answers rather than analyzing student solutions to diagnose
errors—a perspective analogous to that of an educator or examiner [32,26,30].
Additionally, recent multimodal benchmarks, such as ErrorRadar [30], and Math-
Agent [31], often utilize structured data, limiting their effectiveness in capturing
the complexity of authentic handwritten scratchwork and focusing mostly on
error classification rather than detailed explanations.

To address these gaps, we introduce ScratchMath, a novel benchmark
specifically designed for explaining and classifying errors in authentic handwritten
scratchwork. Our dataset comprises 1,720 Chinese mathematics samples from
primary and middle school students, covering five critical mathematical topics:
Numbers and Expressions, Equations and Functions, Geometry and Measurement,
Applied Mathematics, and Statistics and Probability. The dataset supports
two essential tasks: Error Cause Explanation (ECE) and Error Cause
Classification (ECC). Based on student scratchwork, we define seven student
error types, including Problem Comprehension Error and Calculation Error. The
annotation process employs a human-machine collaborative approach, initially
using MLLM for preliminary annotations, followed by multiple stages of expert
labeling, review and verification to ensure accuracy and reliability.

We systematically evaluate 16 leading MLLMs (e.g., o4-mini [10], QVQ [24])
on ScratchMath with extensive analysis (see Figure 1). Results reveal significant
gaps compared to human experts, particularly in correcting visual recognition
errors and understanding logical transitions in multi-step solutions. Notably,
proprietary models significantly outperform open-source models, and large rea-
soning models show promising capabilities, especially on the explanation task.
Our primary contributions are threefold:

1. Introducing a novel multimodal error-detection and explanation benchmark
task, specifically tailored for educational settings;

2. Developing and publicly releasing the first high-quality, multimodal dataset
of authentic student handwritten scratchwork, annotated via rigorous human-
machine collaboration;

3. Conducting the first evaluation of state-of-the-art MLLMs on this task,
including detailed analyses highlighting their capabilities and limitations.

2 Related Work

2.1 LLMs and MLLMs for Education

Research on LLMs as AI tutors prioritizes pedagogical alignment and practical
feedback [27]. For example, a LLaMA model was fine-tuned using GPT-4-based
rubrics [13]. Studies also demonstrate that adaptive LLM-generated feedback
effectively boosts student motivation [12], and multimodal LLMs (MLLMs) can



4 D. Song et al.

effectively summarize diverse learner data to aid teachers’ assessments [8]. How-
ever, existing MLLM-based grading methods for handwritten student solutions
[5,15] often struggle due to the complexity of authentic scratchwork. Despite ad-
vances in automatic scoring and feedback generation, few studies focus explicitly
on pinpointing and explaining the precise reasoning failures within authentic
handwritten scratchwork.

2.2 LLMs and MLLMs for Mathematical Reasoning

Beyond text-based mathematical reasoning, recent studies highlight challenges
faced by MLLMs in interpreting diagrams, handwritten derivations, and visual
reasoning tasks [29]. Benchmarks such as MathVerse [32], MATH-V [26], and
MileBench [20] reveal that even advanced models overlook crucial visual details.
Specialized methods like Math-LLaVA [19] and LLaVA [14] have not fully resolved
these issues. Recent multimodal benchmarks, including ErrorRadar [30] and
MathAgent [31], mainly use structured or semi-structured inputs, emphasizing
error localization or classification rather than detailed explanations. Moreover,
cognitive theory-guided approaches [11] and iterative feedback strategies [6]
remain limited to text-only contexts.

Our work is also related to Handwritten Mathematical Expression Recogni-
tion (HMER), which converts handwritten mathematical notation into machine-
readable formats. The CROHME competition series [16] has served as the primary
benchmark for this task, driving progress from structural approaches to neural
encoder-decoder and transformer-based models [25]. However, HMER focuses
on symbol-level recognition accuracy, whereas ScratchMath targets a funda-
mentally different goal: diagnosing the reasoning errors behind student solutions,
which requires understanding both the visual content and the underlying math-
ematical logic. Our work addresses these complementary gaps by explicitly
evaluating multimodal error detection and detailed explanation within authentic
handwritten student scratchwork.

3 The ScratchMath Benchmark

3.1 Task Definition and Taxonomy.

Our goal is to evaluate MLLMs’ ability to detect and explain errors in student
solutions to math problems. A primary challenge is interpreting student scratch-
work, which often combines diverse elements (e.g., handwritten text, symbolic
notation, drawings) and requires integration with logical mathematical reasoning.
Figure 2 provides an overview of our task setup and evaluation framework.

Formal Task Definition Formally, each instance is defined by the following tuple:

(Q,Aref, S,Astud, I)
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 AI Tutors

 LLM Judge

When the student was calculating 4 ÷ 35, due to a lack of proficiency in
decimal division, they mistakenly moved the decimal point two places to
the right during the calculation process, erroneously changing the
quotient 0.11 to 11. Afterward, due to some computational or conceptual
confusion, they ultimately obtained 8.75, a result that is far from the
correct answer. This primarily reflects the student's weakness in
decimal calculation skills.)

The student reversed the order of the division operation, dividing the
total number of problems (35) by the total time (4 minutes), instead of
dividing the total time (4 minutes) by the total number of problems
(35). )

Problem Comprehension

Basic: Primary School Set

Answer 1

Answer 2

Question: 小明用了4分钟做了35道计算题，平均每做一道
题大约要用______分钟 (Xiaoming spent 4 minutes doing
35 calculation problems. Approximately how many minutes
did it take to do each problem on average?)

8.75

Solution: 用总时间除以计算题道数即是平均每道题用的时
间，算出结果，再求出近似数。4÷35≈0.11（分钟），故答
案为：0.11 (Divide the total time by the number of
calculation problems to get the average time per problem,
calculate the result, and then find the approximate
number. 4÷35≈0.11 (minutes), so the answer is: 0.11.)

Student's
Answer

Student's
Scratch
Paper

Task I: Error Cause Explanation

Answer 1

Task II: Error Cause Classification

CalculationAnswer 2

...

Category

Ground Truth 

Matching

The student mistakenly
divided 35 by 4 instead of 4
by 35, getting 8.75 instead of
the correct 0.11.

0.11
Correct
Answer

Input

Statistics & Probability Applied Mathematics Equations & Functions Numbers & Expressions Geometry & Measurements

Advanced: Middle School Set

Human Annotation

Calculation error

...

Team of Experts

Fig. 2: Overview of ScratchMath (with models’ answer and human labeled
answer translated in English). It illustrates dataset structure, tasks (ECE and
ECC), multimodal model predictions, and expert human annotations.

where Q is the problem statement, Aref is the reference (correct) answer, S is
the reference solution, Astud is the student’s provided answer, and I is an image
of the student’s scratchwork.

Our dataset is specifically structured to support two critical tasks: Error
Cause Explanation (ECE): An open-ended explanation describing the specific
reason for the student’s error, denoted as E. Error Cause Classification
(ECC): A categorical classification identifying the type of error from a predefined
taxonomy, denoted as C.

Error Cause Taxonomy The taxonomy was systematically constructed through
iterative expert reviews and educational theory-driven analysis on a much larger
corpus of educational data, resulting in seven distinct error categories: Procedural
Error, Calculation Error, Logical Reasoning Error, Transcription Error, Problem
Comprehension Error, Conceptual Knowledge Error, and Attention and Detail
Error, with the quantity distribution shown in Figure 4. Notably, all error types
are represented across both primary and middle school problems in our dataset.

Evaluation Metrics We employ two evaluation approaches aligned with the dual
outputs required: Error Cause Explanation (ECE): We use an LLM-as-a-
Judge framework, which assesses the semantic alignment of model-generated
explanations with ground truth. Error Cause Classification (ECC): Error
classification is evaluated using accuracy (Acc), strictly considering correct only
those cases where the predicted class exactly matches the annotated class. This
strict criterion emphasizes precision in classification performance.

3.2 Dataset Construction

Recent studies have shown that data contamination is a prevalent concern in
MLLM benchmarks [21]; our dataset mitigates this risk as it consists entirely of
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(1) Student Data Collection

Data Source
- From a Chinese K-12 online 
education platform covering primary 
and middle school.

Data Cleaning & Diversity Sampling
- Safty: PII removed;
- Image Quality: OCR and GPT filter;
- Problem Quality: Deleted entries with 
incomplete elements; 
- Diversity: kept one instance per 
identical student answer

(2) Pre-annotation

Annotation Setup
- Create instructions and few 
demostrations for Error Cause 
Explanation (ECE) and Error Cause 
Classification (ECC) tasks.

Automated Annotation
- Used GPT-4o to generate for the two 
tasks initial for each example.
- Provided a baseline set of 
explanations and class labels for 
human review.

(3) Expert Human Annotation

Annotator Training
- Recruited five professional teachers
- Developed annotation guidelines and 
ran pilot labeling and meetings to 
ensure consistency.

Formal Labeling
- Split workload: three teachers on 
primary school, two on middle school.
- Completed full ECE and ECC labeling 
within one month.

(4) Post-annotation Quality 
Verification

Final Screening
      Removed any samples still flagged 
as low-quality scratchwork.
      Discarded entries with unclear 
explanations or classifications.
      Obtain the final high-quality dataset: 
1,720 examples.

Fig. 3: An overview of the ScratchMath benchmark construction pipeline.

original, unpublished student scratchwork. As shown in Figure 3, the dataset
construction consists of four parts.

Part I. Student Data Collection Data Source. Student data were sampled
from an online education platform, covering primary (grades 1-6) and middle
school (grades 7-9) math questions. Students completed teacher-assigned tasks
and received feedback. Data Cleaning. For the data safety, sensitive personally
identifiable information (PII) was removed, retaining only relevant content related
to answering questions. We also applied dual filtering using OCR tools and the
GPT-4o-mini model to remove low-quality scratchwork images, such as illegible
text or significant blurring. Entries with incomplete questions or missing answers
were deleted, and text formatting was corrected. Questions containing images
were excluded to simplify the initial recognition task. Diversity Sampling. To
maintain diversity, only one instance per identical student answer for the same
question was retained, resulting in around 3,400 distinct questions from an initial
pool of about 1.1 million entries.

Part II. Answer Pre-annotation To reduce human workload and accelerate
annotation efficiency, we adopted a human-computer collaborative approach for
data annotation, referencing methods from previous works [32,34]. Leveraging
the gpt-4o-2024-05-13 model, known for its robust performance in generating
preliminary annotations, we created initial Error Cause Explanation and Error
Cause Classification responses for each question.

Part III. Expert Human Annotation Our labeling pipeline combined advanced
automated methods with expert human validation to ensure high annotation
quality. We engaged five professional mathematics teachers based in Beijing, each
possessing over three years of teaching experience at primary and middle school
levels. Teachers were remunerated at a rate of at least 60 RMB per hour. The
annotation workload was strategically divided, with three teachers focusing on
primary-level questions and two dedicated to middle-school-level queries. The
annotation procedure was systematically structured into three core stages:

Stage 1: Human Annotation Training. Annotators were extensively trained
by the researchers to revise and validate GPT-generated annotations. Training
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Table 1: Dataset statistics for the
ScratchMath

Metric Primary Middle

Total Samples 1479 241

Grade Distribution 1-2: 23.0%
3-4: 46.3%
5-6: 30.7%

7: 31.5%
8: 33.6%
9: 34.9%

Problem Q and Solution S

Unique Problem 1279 241
Avg Q Token 61.1 61.5
Avg S Token 139.4 175.6

Error Cause Explanation E

Avg E Token 53.4 48.4
Min E Token 4 26
Max E Token 162 116

Problem Comp.

Calculation

Conceptual

Procedural

Transcription
Logical

Attention
0%

10%

20%

30%

40%

50%

P
er

ce
nt

ag
e 

(%
)

33.7
30.6

11.8
8.0 6.4 4.9 4.5

8.3

46.9

18.7

7.1

12.0

0.8

6.2

499 20 453 113 174 45 118 17 95 29 73 2 67 15

Primary School (n=1479)
Middle School (n=241)

Fig. 4: Distribution of error cause classifica-
tion labels for primary school and middle
school problems

sessions included detailed guidance and annotation rules clearly articulated
through example image prompts.

Stage 2: Trial Annotation. Moreover, annotators underwent trial annotation
sessions using a standardized set of 30 questions. Post-session discussions fa-
cilitated clarification, resolution of uncertainties, and refinement of annotation
guidelines, a process that was iterated until an inter-annotator agreement (IAA)
of over 90% was achieved by the annotators on this standardized set, ultimately
ensuring consistency and accuracy in labeling.

Stage 3: Formal Annotation. Following two comprehensive team meetings
to finalize annotation protocols, annotators commenced formal labeling. The
annotation process for all 3,400 questions was completed within one month.

Part IV. Post-annotation Quality Verification To further enhance dataset quality,
post-annotation verification involved two additional screening phases. Firstly,
scratchwork entries identified by annotators as low-quality were eliminated.
Secondly, entries where the error cause or classification was indeterminate were
discarded, culminating in the final, high-quality dataset with 1,720 entries.

3.3 Data Statistics

Our dataset includes 1,720 math problems, spanning 1,479 primary and 241 middle
school problems, carefully selected to ensure rich coverage and representativeness.
Detailed statistics, including precise grade distributions and comprehensive token
counts for questions, solutions, and error explanations, are concisely presented in
Table 1. A notable diversity is evident in error distributions across educational lev-
els (see Figure 4), highlighting distinct challenges students encounter at different
stages of learning. To ensure educational relevance and alignment, mathematical
topics are categorized according to the authoritative Chinese Compulsory Edu-
cation Curriculum Plan and Standards (2022 edition) (Table 2). Primary-level
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Table 2: Distribution and Examples of Mathematical Topics by Category in
ScratchMath (translated in English)
Category Pri. (%) Mid. (%) Description and Examples

Numbers and Expres-
sions

45.8 30.7 Arithmetic operations, fractions, decimals, algebraic identi-
ties. e.g., Multiples of 3, Simplified addition

Equations and Functions 1.9 43.6 Equations, inequalities, function analysis. e.g., Quadratic
equations, Linear functions

Geometry and Measure-
ment

25.0 20.2 Areas, perimeters, volumes, geometry. e.g., Isosceles trapezoid
area, Pythagorean theorem

Applied Mathematics 25.4 1.6 Practical math, unit conversions, financial calculations. e.g.,
Cost calculations, Average speed

Statistics and Probability 1.9 4.0 Data collection, probability estimation. e.g., Statistical tables,
Frequency probability

questions predominantly address foundational areas such as numbers, expressions,
geometry, and applied mathematics, while middle-school-level problems delve
deeper into equations, functions, and advanced algebraic concepts.

4 Experiments

4.1 Experiment Setup

Evaluated Models We selected 16 representative MLLMs for benchmarking on our
dataset, covering a wide spectrum of model sizes and architectures. The evaluated
models include 10 open-source models: Qwen2.5-VL (7B, 72B) [3], DeepSeek-
VL2 [28], Phi-4-Multimodal [1], Llama-3.2-Vision (11B, 90B) [9], Gemma-3 [23],
Skywork-R1V [18], QVQ [24], and InternVL2.5 [7]; as well as 6 proprietary
models: Gemini 2.0 Flash (Flash-Lite, Flash Thinking) [22], GPT-4o (GPT-4o
mini, o4-mini6) [10].

Prompting and Hyperparameters For consistency and fairness in comparison,
we standardized the prompting approach across all tested models. Specifically,
we utilized a structured prompt during testing. To further assess prompting
effects, we conducted additional Chain-of-Thought (CoT) experiments, revealing
some improvements in ECC task performance. To ensure reproducibility and
comparability, we set the generation temperature to 0 (greedy decoding), the
maximum output length to 2048 tokens, and evaluated open-source models using
NVIDIA A800-80G GPUs. For proprietary reasoning models, we adopted their
recommended default temperature settings, and additional experiments confirmed
minor performance fluctuations when employing higher temperature settings.

Validation of LLM-as-a-judge As described in §3.1, we employed the LLM-as-a-
judge metric to evaluate the Error Cause Explanation (ECE) task. To validate its
reliability, we conducted an experiment using 70 randomly sampled ECE cases,
6 https://openai.com/index/introducing-o3-and-o4-mini/
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Table 3: Performance of state-of-the-art MLLMs on ScratchMath.
We use weighted-average accuracy for the ECC task. Boldface and underline
mark the best and second-best results for each metric, reported separately for
proprietary vs. open-source groups. †: activated parameters of MoE model. ∗

indicates reasoning models.

Model #Params
Error Cause Explanation Error Cause Classification

Average Avg Rank
Primary Middle Rank Primary Middle Rank

Random Guessing – 0.0 0.0 – 12.5 12.5 – 6.25 –
Human Performance – 89.3 86.2 – 78.4 81.5 – 83.9 –

Proprietary Models

Gemini 2.0 Flash – 52.2 46.9 4 38.6 49.0 2 46.7 3
Gemini 2.0 Flash Lite – 36.0 32.0 8 34.6 46.5 5 37.2 5
Gemini 2.0 Flash Thinking∗ – 65.9 61.0 2 43.9 47.3 1 54.5 2
GPT–4o – 47.7 44.8 5 26.1 22.0 11 35.2 9
GPT–4o mini – 3.5 1.2 16 20.1 14.1 13 9.8 16
o4-mini∗ – 71.8 69.7 1 40.1 47.3 3 57.2 1

Open-Source (< 10 B)

Qwen2.5-VL 7 B 15.6 12.4 15 21.0 11.6 14 15.2 15
DeepSeek-VL2 4.5 B† 20.9 25.7 12 16.6 7.9 16 17.8 14
Phi-4-Multimodal 5.6 B† 12.0 18.3 14 28.9 32.8 9 23.0 12

Open-Source (10-40 B)

Llama-3.2-Vision 11 B 13.4 20.3 13 17.6 26.1 12 19.4 13
Gemma-3 27 B 38.9 26.1 9 32.2 46.1 6 35.8 7
Skywork-R1V∗ 38 B 37.5 33.6 7 27.7 43.2 8 35.5 8

Open-Source (> 40 B)

QVQ∗ 72 B 57.5 56.8 3 12.7 17.0 15 36.0 6
Qwen2.5-VL 72 B 40.0 34.0 6 32.5 49.4 4 39.0 4
InternVL2.5 78 B 27.1 24.5 11 30.7 44.8 7 31.8 10
Llama-3.2-Vision 90 B 27.7 26.1 10 15.9 45.6 10 28.8 11

evaluated by the advanced LLM, o3-mini. Manual verification showed the judge’s
accuracy reached 88.6%, close to human-human inter-annotator agreement of
91.4%, confirming its suitability for our evaluation. The accuracy was below 100%
primarily because the judge occasionally identified plausible yet unannotated
error reasons as mismatches. We selected o3-mini due to its optimal trade-off
between accuracy and evaluation cost, with the total cost of evaluating the entire
benchmark (1,720 cases) being less than 10 USD.

4.2 Main Results

Table 3 summarizes the performance of MLLMs on our benchmark. Key find-
ings include: (1) Proprietary Models Outperform Open-source Models.
Proprietary models consistently outperform open-source models even at similar
parameter scales, likely benefiting from more diverse training data. However,
a considerable gap remains compared to human performance, emphasizing the
benchmark’s inherent challenge. (2) Scaling Law on Both Tasks and Rea-
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Table 4: Examples (translated in English) illustrating typical model error types
in ECE. “Ref. Ans.” and “Stu. Ans.” denote the reference and student answers,
respectively. Bold text highlights the erroneous parts of the prediction.

Scratchwork Problem Statement Ref.
Ans.

Stu.
Ans. Ground Truth Model Prediction

Visual Recognition Failure

Solve for x:
4x− 3(20− x) =
6x− 7(9− x)

1

2
−1

2

Student solved −6x = −3
as x = − 1

2
instead of 1

2
.

...Finally x = −3
−6

= 1
2
. However, the

student miscalculated −63 + 60 as
+3 at this step, so they wrote
−6x = 3, leading to x = 3

−6
= − 1

2
.

Formatting Misinterpretation

If the two roots of
a(x+m)2 + b = 0 are −1
and 4, then the solutions
to a(x+m− 3)2 + b = 0
are x = .

2 or 7 2 and 7
Formatting error (“and” vs.
“or”); also mis-shifted the
quadratic by m.

... The student, in their scratchpad,
mistakenly treated the second
equation a · (x+m− 3)2 + b = 0 as
a · (x− 3)2 + b = 0. They then directly
set x− 3 = −1 and x− 3 = 4, thus
obtaining x = 2, 7...

Misaligned Misinterpretation

Brick dimensions
20× 11× 6 cm, density
1.5 g/cm3. Find the
weight in kilograms.

1.98 1980 Answered in grams
without converting to kg.

...When calculating by hand, he even
converted "1320× 1.5" to
"132× 15", and although the result
was still 1980, the division by 10
and multiplication by 10 in the
process didn’t correspond to the
units...

soning Model Superiority in ECE. Performance generally follows scaling
laws, with larger models showing better results. Reasoning models specifically
excel in Error Cause Explanation (ECE), highlighting their advantage in tasks
demanding deeper semantic understanding. Conversely, Error Cause Classification
(ECC) remains significantly more challenging across all models. (3) Elementary
Tasks Not Necessarily Easier. While models typically perform better on
primary tasks in the ECE task, primary-level performance unexpectedly falls
below middle school performance in the ECC task. This could stem from less
structured and harder-to-interpret handwriting in primary-level scratchwork,
complicating precise error classification.

5 Further Analysis

We analyze three key research questions to deepen our understanding of model
performance:
RQ1: What challenges do MLLMs face in error cause detection?
RQ2: How does problem type affect model performance?
RQ3: How does problem difficulty affect model performance?

5.1 RQ1: Challenges in Error Identification

Qualitative Analysis We conducted detailed case studies to further illustrate
typical errors made by the o4-mini. Table 4 presents three representative cases
categorized by the type of error: Visual Recognition Failure, Formatting Misin-
terpretation, and Misaligned Misinterpretation. These examples highlight specific
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aspects that need improvement, such as visual processing accuracy, proper un-
derstanding of formatting requirements, and accurate inference of the student
reasoning processes.

Visual Recognition
Failure

36.0%
Formatting

Misinterpretation

15.0%

Hallucination
16.0%

Misaligned Interpretation

17.0%
Reference Answer
Error

6.0%
Judge Error

10.0%

Fig. 5: Failure Cases Distribution of
o4-mini on ECE

Quantitative Anlysis To explore the diffi-
culties faced by current MLLMs, we con-
ducted an error analysis of 100 randomly
selected cases in which the strongest model
(o4-mini) failed on the Error Cause Ex-
planation task. As shown in Figure 5, we
categorize these errors into six types. Key
findings include: (1) The most frequent er-
rors were related to OCR and image recog-
nition, often stemming from unclear hand-
writing. (2) Models struggled significantly
with accurately reconstructing students’
reasoning processes, indicating limitations
in logical inference. (3) Many errors in-
volved over-inference or speculative rea-
soning by the models, suggesting tendencies to extrapolate beyond available
evidence. In addition, to understand error patterns in smaller, open-source mod-
els, we conducted a similar analysis on Qwen2.5-VL-7B. We found a higher
incidence of hallucination errors (22%) and a new category, “Model Calcula-
tion Error” (17%), indicating arithmetic reasoning difficulties specific to smaller
models.

5.2 RQ2: Impact of Problem Type on Performance

Procedural
Error

Calculation Error
Logical Reasoning Error

Transcription Error

Problem
Comprehension Error

Conceptual Knowledge Error
Attention and
Detail Error

max=32.4

max=96.4

max=84.2

max=20.6

max=52.6

max=44.4

max=35.0

Gemini 2.0 Flash Lite
Gemini 2.0 Flash
Gemini 2.0 Flash Thinking
Gemma-3

GPT-4o mini
GPT-4o
o4-mini
Skywork-R1V

Qwen2.5-VL(7B)
Qwen2.5-VL (72B)
QVQ
DeepSeek-VL2

InternVL2.5
Llama-3.2-Vision (11B)
Llama-3.2-Vision (90B)
Phi-4-Multimodal

Fig. 6: Models’ Performance on different ECC
classes

Performance Across Error Cause
Categories We investigated how
problem categories influence
model performance on ECC
Task, averaging scores across pri-
mary and middle school datasets.
Several insights emerged from
the results shown in Figure 6:
(1) The top-performing models,
o4-mini and Gemini 2.0 Flash
Thinking, notably excelled in
most error categories, except
Logical Reasoning and Calcula-
tion Errors, which are harder
due to implicit reasoning steps
and compounded errors in visual
number recognition and multi-
step arithmetic. (2) Many mod-
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Fig. 8: Performance across grade
levels, averaged for top-3 open-
source and proprietary models on
two tasks.

els demonstrated potential overfitting to specific error categories, particularly
Logical Reasoning and Calculation Errors, indicating specialized rather than
generalized error detection capabilities. (3) Procedural and Transcription errors
generally posed significant challenges to all models, highlighting areas for further
targeted development. Performance disparities across error types suggest varied
levels of complexity inherent in different problem categories, reflecting a nuanced
interaction between model architecture and problem characteristics.

Performance Across Mathematics Topics We also analyzed model performance
based on the topics of math problems (introduced in Table 2). Figure 7 illustrates
several notable findings: (1) Proprietary models consistently showed strong and
stable performance across all knowledge categories, with o4-mini significantly
outperforming others. (2) Open-source models exhibited varied performance,
with Skywork-R1V notably stronger in Statistics and Probability and Applied
Mathematics, yet weaker in Equations and Functions. The disparity in open-
source model performance indicates a potential specialization or bias in training
data, highlighting the importance of diverse and comprehensive training datasets.

5.3 RQ3: Impact of Difficulty on Model Performance

Additionally, we examined the impact of educational grade level on model per-
formance by selecting the top three open-source and proprietary models from
ECC and ECE tasks. The analysis, depicted in Figure 8, suggests several trends:
(1) On the ECE task, model performance exhibits a slight downward trend as
grade level increases, indicating greater complexity or ambiguity in higher-grade
solutions. (2) Conversely, performance on the ECC task generally improves with
increasing grade levels, possibly due to clearer and more structured scratchwork
provided by older students. Through detailed sampling, we observed that middle-
school scratchwork contains clearer sequential steps and standardized notation
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compared to elementary-level responses. These structured presentations facilitate
error classification. (3) Proprietary models consistently outperform open-source
models across all grades, underscoring the potential advantages of more diverse
training data.

6 Conclusion and Future Work

In summary, ScratchMath advances educational AI by introducing a compre-
hensive multimodal benchmark that exposes the limitations of current MLLMs
in diagnosing student errors. It highlights the urgent need for developing models
that better align with educators’ analytical processes. A limitation of this work
is that all samples were collected from Chinese students using a single online
education platform, which may constrain generalizability to other languages,
demographics, and educational contexts. Future work includes enhancing model
training by incorporating explicit error-type predictions, integrating advanced
visual recognition techniques, and exploring step-by-step reasoning alignment to
improve model interpretability. Expanding the dataset across diverse populations
and educational settings, and leveraging cross-cultural comparisons, could yield
deeper insights into universally effective educational strategies.

Disclosure of Interests. The authors have no competing interests to declare that are
relevant to the content of this article.
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