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Abstract

We propose a novel system, MathMistake Checker, designed
to automate step-by-step mistake finding in mathematical
problems with lengthy answers through a two-stage process.
The system aims to simplify grading, increase efficiency, and
enhance learning experiences from a pedagogical perspec-
tive. It integrates advanced technologies, including computer
vision and the chain-of-thought capabilities of the latest large
language models (LLMs). Our system supports open-ended
grading without reference answers and promotes personal-
ized learning by providing targeted feedback. We demon-
strate its effectiveness across various types of math problems,
such as calculation and word problems.

Introduction

In mathematics education, accurately assessing students’
problem-solving methods has long been a critical chal-
lenge, particularly for word problems that require step-by-
step verification of a student’s answer (Black and Wiliam
1998; Yavuz, Celik, and Yavag Celik 2024). Unlike multiple-
choice or fill-in-the-blank questions that demand only brief
responses, effectively assessing the reasoning between adja-
cent steps in longer answers is pedagogically significant, as
it measures student understanding, informs instruction, and
provides meaningful feedback (Hattie and Timperley 2007).

Checking each step of student answers is a challenging
task. Traditionally, it has been time-consuming for human
teachers to read every answer step when grading student
homework or examinations. Reference answers are often
helpful for teachers to quickly identify mistakes and ex-
pedite the grading process. Consequently, some automated
grading systems have been developed to verify student an-
swers against a reference answer.

However, traditional grading systems have inherent lim-
itations. They typically depend on predefined reference an-
swers, which restrict their ability to recognize and evaluate
the diverse approaches students may employ. This can result
in a narrow interpretation of student competence, overlook-
ing alternative methods and mathematically valid creative
solutions. As educational practices shift toward promoting
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Figure 1: Architecture of MathMistake Checker.

higher-order thinking and problem-solving skills, there is
an increasing need for grading systems that can manage
this complexity, providing more detailed and flexible assess-
ments that align with the various ways students approach
problems (Black and Wiliam 2009; Popham 2009).

To develop a grading system that operates without refer-
ence answers, two essential capabilities are required: Optical
Character Recognition (OCR) and decision-making for mis-
take finding. The former handles the interpretation of image-
based inputs, while the latter focuses on grading the answers.
With the recent advancements in large models, Large Vision-
Language Models (LVLMs) (Adewumi et al. 2024) can be
utilized for end-to-end grading of mathematical answers.
However, current LVLMs primarily emphasize visual un-
derstanding, often overlooking the reasoning aspect of natu-
ral language, particularly when mathematical texts demand
more precise multi-modal comprehension. In this paper, we
propose a two-stage approach to enhance interpretability and
facilitate model training. As shown in Figure 1, the OCR
Module in Stage 1 involves transforming image-based in-
puts into textual information, while the Grading Module in
Stage 2 focuses on step-by-step mistake finding.

Specifically, we propose a demo system called MathMis-
take Checker, which integrates several cutting-edge tech-
nologies. In Stage 1, the system focuses on the precise ex-
traction and correction of mathematical content from images
submitted by users. This stage includes a pipeline with sev-
eral phases: text line semantic segmentation (Chen et al.
2018; Xie et al. 2021), specialized text recognition (Shi,
Bai, and Yao 2016; Li et al. 2023), document layout anal-
ysis (Huang et al. 2022), and order detection (Vinyals, For-



tunato, and Jaitly 2015). In Stage 2, we utilize the latest
Large Language Models (LLMs) to serve as the step-by-
step grader for the recognized text. Building on existing re-
search that highlights LLMs’ reasoning capabilities (Ishida
et al. 2024; Lundgren 2024; Xie et al. 2024), we specifi-
cally incorporate the Pedagogical Chain-of-Thought (Ped-
CoT) prompting strategy (Jiang et al. 2024), which effec-
tively identifies logical mistakes in students’ answers step-
by-step. Notably, our system can support a variety of LLMs
and prompting strategies.

Our demo system provides detailed feedback on the
student’s steps by systematically analyzing their problem-
solving approach, identifying key steps and potential mis-
steps, and providing targeted feedback that addresses spe-
cific areas of misunderstanding or mistake. It is designed to
enhance pedagogical significance by aligning with the stu-
dent’s thought process and providing feedback that is both
relevant and constructive.

System Overview

The proposed two-stage MathMistake Checker comprises
two primary modules: OCR module and grade module.

OCR Module

The OCR Module employs a multiphase pipeline to process
handwritten mathematical contents.

Text Line Semantic Segmentation This phase receives
raw images with printed questions and handwritten answers,
using semantic segmentation models (Chen et al. 2018; Xie
et al. 2021) to separate text lines into printed text, handwrit-
ten text, and equations. This segmentation enhances accu-
racy in subsequent steps.

Specialized Text Recognition During this phase, each
segmented text line is processed individually, with the ap-
propriate model selected based on content type. Vision
encoder-decoder transformer-based models (Li et al. 2023)
are used for handwritten text and equations, while a convo-
lutional recurrent neural network (Shi, Bai, and Yao 2016)
handles printed text. This multi-model approach ensures
high throughput and precision across diverse text formats.

Document Layout Analysis After recognizing text lines,
a multi-modal transformer (Huang et al. 2022) is used for
document layout analysis to understand spatial and logical
relationships. This step reconstructs structures like tables
and diagrams, preserving their original format.

Order Detection This phase is for reconstructing the orig-
inal writing sequence of the handwritten content. By utiliz-
ing a Pointer Network (Vinyals, Fortunato, and Jaitly 2015),
the correct order of text lines based on positional data can be
determined, particularly in free-form layouts. This ensures
an accurate logical step flow of the student’s responses.

Grading Module

The Grading Module functions in three phases to evaluate
a student’s answer by using LLMs. For details on prompt
strategies, refer to the original papers (Jiang et al. 2024).
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Figure 2: Demo interface for grading the math answer.

Regenerate and Predict The system prompts the selected
LLM with the problem statement and the initial steps of the
student’s solution using a specified prompting strategy. The
LLM then generates the expected mathematical concepts,
problem-solving approaches, and calculations for the next
step without accessing the student’s actual response.

Extract and Compare In this phase, the LLM receives the
student’s actual response. It extracts the key elements of the
answer and compares them with the predictions from previ-
ous phase. The system labels any discrepancies as mistakes,
categorizing them according to predefined criteria such as
correctness and alignment.

Evaluate and Comment In this phase, the system
prompts the LLM to evaluate the student’s reasoning up to
the current step. The LLM provides a concise assessment,
indicating whether the current step is correct, incorrect, or
partially correct, and offers targeted feedback on the stu-
dent’s approach.

Case Studies

We apply our demo system to several cases. Figure 2 illus-
trates the demo interface for grading the answer to a math
calculation problem. The left section of drop-down boxes
provides options for various LLMs and prompting strategies,
while the right section features a dialog interaction window
that displays the step-by-step grading process. For more de-
tailed information about the demos, please refer to the video.

Conclusion

In this paper, we present MathMistake Checker, a demo sys-
tem that automates the grading of mathematical problems
by integrating advanced technologies such as OCR and the
chain-of-thought approach in the latest large language mod-
els (LLMs). The system delivers accurate and open-ended
grading while supporting personalized learning by provid-
ing targeted feedback. MathMistake Checker streamlines the
grading process and enhances learning experiences from a
pedagogical perspective. Future work will focus on extend-
ing the system’s capabilities to other subjects and improving
the quality of feedback.
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