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Abstract
With the in-depth integration of artificial intelligence and education, Large Language Models (LLMs) have become a new technical support
for the innovation of mathematical intelligent educational assessment. This literature review systematically sorts out research on the
application of LLMs in mathematical intelligent educational assessment, focusing on four core aspects: application status, core technology
optimization, existing research achievements and dataset support. A systematic literature retrieval method was adopted. Through critical
analysis of relevant literature and comparative study of core journals in the field, this review identifies five key research gaps in current
studies, including insufficient subject adaptability of LLMs in mathematics, low feedback quality, imperfect adaptive learning closed loop,
single teacher assistance function and insufficient integrated application of mathematical datasets. Finally, based on these gaps, the future
research direction of this field is clarified and promotes the in-depth application of LLMs in mathematics education scenarios.
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INTRODUCTION

With the in-depth integration of Artificial Intelligence (AI)
and education, intelligent educational assessment has
become a core component of the transformation from
traditional auxiliary teaching tools to personalized, intelligent
and closed-loop intelligent education systems. This literature
review focuses on the application of Large Language Models
(LLMs) in mathematical intelligent educational assessment,
aiming to systematically sort out the research status,
summarize existing achievements and deficiencies, clarify
research gaps and provide theoretical support.

First, it is necessary to clarify the core theoretical concepts
involved in this paper. Large Language Models (LLMs) refer to
large-scale pre-trained language models based on deep
learning, which have strong capabilities in semantic
understanding, logical reasoning and text generation and are
represented by OpenAI’s GPT series, Google’s Gemini,
Anthropic’s Claude and domestic models such as DeepSeek
and Doubao1-3. Intelligent educational assessment refers to the
use of AI technology to realize automated evaluation, error
identification, personalized feedback and learning status
tracking of students’ learning outcomes, which is different
from the traditional manual evaluation model that is
inefficient and lacks personalization4,5. Mathematical
intelligent educational assessment, as a branch of it, focuses
on the characteristics of mathematics with strong logical
reasoning and strict problem-solving norms and needs to
solve the pain points such as the difficulty in identifying
subject-specific errors and the inability to analyze thinking
paths6,7.

The research background of this topic is closely linked to
the current development bottleneck of intelligent education
assessment. On the one hand, traditional educational
assessment models face prominent problems: Low efficiency
of manual homework correction, lagging feedback, difficulty
in realizing personalized adaptation to students’ learning
status; teachers need to spend a lot of time counting students’
error data and cannot quickly focus on class high-frequency
errors to carry out targeted intervention; the assessment
process mostly stays at “answer judgment” and it is difficult to
deeply analyze students’ thinking paths and weak links of
knowledge points8-10. On the other hand, the rapid
development of LLMs has provided a new technical path for
breaking through these bottlenecks. However, the current
application of LLMs in mathematical intelligent educational
assessment still has obvious limitations: Insufficient subject
adaptability, low feedback quality, imperfect learning closed
loop and single teacher assistance function11-13. Therefore, it

is  of  great  theoretical  and  practical  significance  to
systematically sort out the relevant research and explore the
optimization path of LLMs in mathematical intelligent
educational assessment.

MATERIALS AND METHODS

Study design: This study adopted a structured literature
review design to systematically examine the application of
Large Language Models LLMs in mathematical intelligent
educational assessment. A structured review approach was
selected because it allows the existing literature to be
organized, compared and synthesized according to clearly
defined research themes rather than merely summarized
descriptively. This method is suitable for identifying research
trends, theoretical foundations, methodological patterns,
technical approaches, dataset support and existing gaps in an
emerging interdisciplinary field12,13.

The review focused on four major dimensions application
scenarios of LLMs in intelligent educational assessment, core
technology optimization, existing research achievements and
dataset support for mathematical assessment. As the design,
technical framework, type of dataset and evaluation objectives
of the reviewed studies were not consistent, qualitative
synthesis was used instead of meta-analysis. Thus, this study
is able to compare the different lines of research on how large
language models have been applied to support automated
scoring, mathematical error detection, feedback generation,
teacher assistance and personalized learning.

Search strategy: Through the above major academic
databases and scholarly search platforms, a literature search
was carried out in Web of Science, Scopus, IEEE Xplore, ACM
Digital Library, SpringerLink, ScienceDirect, ERIC and Google
Scholar. These databases were selected because they cover
research in artificial intelligence, educational technology,
intelligent tutoring systems, learning analytics and assessment
of mathematics education.

The three sets of keyword groups for the search terms
have been made. The first group of words included “large
language models”, “LLMs”, “generative AI”, “ChatGPT”, “GPT-4",
“Gemini” and “Claude”. The second group is about educational
assessment and includes “intelligent educational assessment”,
“automated assessment”, “automated scoring”, “formative
feedback”, “personalised feedback”, “learning analytics” and
“knowledge tracing”. The third group focused on mathematics
education and included “mathematical reasoning”,
“mathematics assessment”, “math error diagnosis”,
“mathematical feedback”, “math problem-solving” and
“mathematical dataset”.
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Boolean operators were used to combine the search
terms. For example, search strings included combinations
such as “large language models” AND “mathematical
assessment”, “LLMs” AND “automated scoring”, “generative AI”
AND “formative feedback”, “large language models” AND
“math reasoning” and “LLMs” AND “educational dataset”. The
search mainly focused on studies published from 2020 to
2026, while several classical studies on formative assessment,
self-regulated learning and literature review methodology
were also retained because they provide theoretical and
methodological support for this review.

Selection criteria: The retrieved literature was screened
according to predefined inclusion and exclusion criteria.
Studies were included if they met one or more of the following
conditions:

C They examined the application of LLMs or generative AI in
education

C They focused on intelligent educational assessment,
automated scoring, feedback generation, or learning
diagnosis

C They involved mathematical reasoning, mathematics
education, or mathematical problem-solving assessment

C They discussed technical methods such as prompt
engineering, Retrieval-Augmented Generation RAG , multi-
agent systems, knowledge tracing, or domain adaptation

C They introduced or evaluated datasets or benchmarks
related to mathematical reasoning, educational
assessment, or multimodal mathematical tasks

Studies were excluded if they were unrelated to education
or assessment, focused only on general AI applications
without relevance to LLMs, lacked clear methodological or
technical descriptions, or were duplicate records. Studies with
weak relevance to mathematical intelligent educational
assessment were also excluded. Priority was given to peer-
reviewed journal articles, high-quality conference papers,
systematic reviews and influential benchmark studies. Recent
studies were emphasized to ensure that the review reflects the
rapid development of LLMs after the release of ChatGPT and
GPT-414,15.

Data extraction and analysis: Based on the above screening
results, the selected studies were qualitatively synthesized.
From all the studies, the following key information has been
extracted: Year of publication, research goal, educational
context, LLM type, evaluation task, technical method, dataset

or benchmark used, evaluation index, main results and
reported limitations. The above extractions were arranged in
a few sections of analysis.

The selected studies were then compared in five ways.
First, application scenarios were explored to determine how
LLMs are being applied in automated scoring, mathematical
error diagnosis, personalised feedback, teacher assistance and
adaptive learning. Second, the above technical approaches
were compared: Prompt engineering, RAG, multi-agent
collaboration, knowledge tracing and domain-specific
adaptation. Third, the accuracy of the assessment function, the
quality of feedback, interpretability and personalisation will be
discussed. Fourth, the extent, type, constraints and fit of
educational and mathematical datasets were analysed by
comparison. Fifth, based on the research gaps identified, the
limitations of the present studies and directions for future
research have been presented.

This analytical process was intended to move beyond a
descriptive summary and provide a structured comparison of
existing research. In particular, the analysis focused on
whether current LLM-based systems can meet the specific
requirements of mathematical intelligent educational
assessment, including logical reasoning, step-by-step error
identification, thinking-path analysis, syllabus alignment and
personalized learning support. 

Analytical framework
Self-regulated learning theory (SRL): Self-regulated learning
SRL Theory emphasizes that learners actively monitor, regulate
and adjust their cognitive, metacognitive, motivational and
behavioral processes during learning. In this review, SRL
theory was used to analyze whether LLM-based mathematical
assessment systems can support students’ self-monitoring,
error reflection and learning strategy adjustment. Studies
related to personalized feedback, thinking-path analysis,
learning recommendations and adaptive learning were
examined from this perspective.

From the SRL perspective, mathematical intelligent
assessment should not only judge whether an answer is
correct, but also help students understand why an error occurs
and how to improve their problem-solving process. Therefore,
studies that used LLMs to generate explanatory feedback,
identify weak knowledge points, or guide students to revise
their reasoning were categorized under this theoretical
dimension.

Intelligent assessment theory: Intelligent Assessment Theory
emphasizes the transformation of assessment from result-
oriented    judgment    to    process-oriented,    real-time    and

51



J. Artif. Intel., 19 (1): 49-59, 2026

personalized evaluation. It is closely related to formative
assessment, which highlights the role of feedback in
improving learning rather than merely measuring final
performance16. In this review, Intelligent Assessment Theory
was used to analyze how LLMs contribute to automated
scoring, error identification, feedback generation, learning
status tracking and teacher decision support.

The  reviewed  studies  were  examined  according  to 
three  dimensions  Assessment  accuracy,  feedback 
immediacy  and  personalization.  Accuracy  refers  to  whether
LLMs  can  correctly  identify  mathematical  answers, 
reasoning  steps  and  error  types.  Immediacy  refers  to
whether feedback can be generated in a timely manner to
support  learning.  Personalization  refers  to  whether 
feedback and learning suggestions can be adapted to
students’  individual  knowledge  levels,  learning  difficulties
and error patterns.

LLM adaptation theory: A LLM Adaptation Theory focuses on
the degree to which general-purpose LLMs can be adapted to
specific domains, tasks and user needs. Although LLMs have
strong language understanding and generation capabilities,
direct application in mathematical educational assessment
may still face problems such as hallucination, weak domain
alignment, unstable reasoning and insufficient sensitivity to
subject-specific errors17,18. Therefore, adaptation is necessary
when LLMs are applied to mathematics education.

In this review, LLM Adaptation Theory was used to evaluate
the adaptability of LLMs to mathematical intelligent
educational assessment. The analysis focused on four aspects
mathematical reasoning adaptation, subject-specific error
identification, feedback alignment with curriculum
requirements and dataset-based evaluation. Studies involving
prompt engineering, RAG, domain-specific knowledge bases,
fine-tuning, multi-agent collaboration and mathematical
benchmarks were analyzed under this dimension.

Based on this analytical framework, the reviewed literature
was synthesized around three guiding questions:

C How do LLMs support students’ self-regulated learning in
mathematical assessment 

C How do LLMs improve the accuracy, immediacy and
personalization of intelligent educational assessment 

C How can LLMs be adapted to the specific requirements of
mathematical reasoning, error diagnosis and feedback
generation 

RESULTS AND DISCUSSION

Overview of research themes: The reviewed literature shows
that the application of Large Language Models (LLMs) in
educational assessment has developed rapidly in recent years.
Existing studies mainly focus on several research themes: LLM-
based educational assessment, automated scoring, feedback
generation, mathematical reasoning, personalized learning
support and assessment redesign in the context of generative
artificial intelligence19-23. Therefore, the above themes suggest
that LLMs are no longer restricted to general text generation,
but are increasingly being explored as tools for educational
evaluation, learning diagnosis and feedback support and
intelligent tutoring.

Based on the research results in intelligent educational
assessment, most studies now focus on learning diagnosis
through processes rather than merely checking the results.
Earlier intelligent assessment systems mainly focused on
whether the final answer was correct, but recent LLM-based
studies have paid more attention to reasoning steps, error
patterns, feedback quality and learner-specific support20. At
the same time, when studying mathematics, we need to be
correct in terms of answers; logic and the correct procedure
for reaching these answers are also required.

According to the above studies, LLM-based assessment is
also closely related to human-computer collaboration in
education. LLMs can help students get explanations and
feedback; at the same time, they can reduce repetitive grading
work for teachers and help with interpreting student
responses20-22. However, the present studies are also uneven.
Although there are some studies on automated scoring and
feedback generation, fewer have been carried out to study
long-term adaptive learning, teacher decision support and
mathematics-specific error diagnosis.

Application  scenarios  of  LLMS  in  mathematical 
intelligent educational assessment: The first is a
representative case of use for LLMs in educational assessment.
Most research has used LLMs for automatic scoring,
constructing constructed-response questions, providing
feedback, offering personalised learning support and
redesigning assessments19. Among the above situations,
automated scoring and feedback generation have been
mentioned most frequently because they directly address the
actual requirements of reducing teacher workload and
improving the speed of feedback.
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A LLMs have demonstrated the ability to score open-ended
and constructed-response items automatically. A LLMs are
better than the previous rule-based scoring system at
handling diverse students' free-form answers and identifying
the meaning in natural language. It is also suitable for
presenting students’ reasoning in many different ways in
mathematics education. Recent research on math
constructed-response scoring has demonstrated that LLMs
can improve the scalability of scoring; however, their reliability
is still influenced by the Design of the task, scoring rubrics,
selection of the model and human verification24.

A LLMs can be used to analyse the steps in a student's
mathematical error detection process rather than just grading
the final answer. According to the above studies, LLMs are
prone to calculating errors, misunderstanding the concepts,
failing to reason correctly or using improper problem-solving
methods. A LLMs can still produce inconsistent results in
multi-step reasoning for mathematical problems, symbolic
manipulation, geometric interpretation or rigid proof logic.
Therefore, mathematical assessment requires stronger domain
adaptation than general educational assessment25-27.

Generate explanatory feedback, correction suggestions
and learning recommendations in the feedback generation
module of LLMs. As a kind of formative assessment, this
function is to provide students with feedback on their errors
and help them correct these errors in their study by Dai et al.25.
However, according to the above studies, the feedback
provided by LLMs may be too general, too long, too difficult,
or not in line with how students actually think. The quality of
feedback for learning mathematics needs to ensure accuracy
in content, identify errors at a certain stage and match the
curriculum objectives.

Teacher assistance is also a relatively underdeveloped case.
Some research shows that Large Language Models (LLMs) can
be employed to summarise students’ answers, generate
preliminary feedback and reduce the labour involved in
repeated grading20,22. However, most of the current studies still
focus on student-oriented functions. Little research has been
carried out on what teachers do with LLM-generated
assessment data, such as analysing, validating or using it22.
Therefore, teacher-AI collaboration for the purpose of
mathematical intelligent educational assessment has yet to be
thoroughly explored.

Core technologies used to improve LLM-based assessment:
The second main result is related to the technical means used
for improvement of LLM-based educational assessment. Most
of the studies published to date have focused on prompt-
based assessment, retrieval-augmented generation (RAG),

automated scoring models, adaptive feedback generation and
mathematical reasoning evaluation21. The above methods are
to enhance the accuracy, reliability, interpretability and
personalisation of LLM-based assessment systems.

Prompts are frequently used to guide LLMs in the
completion of tasks, rubrics are applied to assess the quality of
the answers and organised feedback is provided. Step-by-step
prompting can help motivate students in mathematics to
demonstrate their thoughts at different times and not just
present the end result23. Prompt-based methods are not
suitable for problems that have changed in type, student
answer format or difficulty. Therefore, prompt design by itself
cannot guarantee a stable performance of mathematical
assessments.

A RAG is mainly used to reduce hallucination and improve
the factual reliability of LLM-generated educational content.
By connecting LLMs with external knowledge sources, such as
curriculum materials, scoring rubrics, textbook content, or
domain-specific resources, RAG-based systems can generate
feedback that is more aligned with task requirements22. This is
particularly important in mathematics education because
incorrect explanations or beyond-syllabus feedback may
mislead students.

Automated scoring studies show that LLMs can support
the evaluation of open-ended responses, but the reliability of
scoring still requires careful control. Studies comparing LLM-
generated scores with human grading suggest that LLMs may
achieve useful levels of agreement in some tasks, but scoring
performance varies across question types, disciplines, scoring
rubrics and model settings19. Therefore, LLM-based scoring
should not be treated as a fully independent replacement for
teacher judgment, but as a support tool that still requires
validation and supervision.

The other is an adaptation function. Recently, some
research has demonstrated that large language models (LLMs)
are capable of offering tailored and detailed improvements to
students' learning through self-reflection and correction25. The
Quality Level of the feedback will be determined by how
precisely the model recognizes the student's answer and what
shortcomings in their studies have been identified. The
demands of mathematical assessment are generally higher
and thus, the feedback needs to be both logically sound and
educationally meaningful for the students at that level.

The focus of the math-reasoning assessment by LLMs is
also on mathematical reasoning. Recently, some studies have
been conducted using mathematical reasoning benchmarks
and survey-based methods to explore the problem-solving
capabilities of LLMs in mathematics26. The above studies have
shown that LLMs have improved in mathematical reasoning;
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Table 1: Thematic synthesis of reviewed studies
Research theme Main focus Synthesized finding Remaining limitation
LLM-based educational Assessment redesign, intelligent LLMs can support assessment Reliability, fairness, privacy and 
assessment tutoring, learning support innovation and personalized learning over-reliance remain concerns
Automated Open-ended responses, constructed- LLMs can improve scoring scalability Scoring reliability still depends on rubrics,
scoring response assessment, formative assessment and reduce repetitive grading work task design and human validation
Mathematical Problem solving, reasoning evaluation, LLMs show potential in mathematical Complex reasoning, symbolic representation
reasoning mathematical assessment reasoning and problem-solving support and proof-based tasks remain challenging
Feedback Explanatory feedback, correction LLMs can generate detailed and Feedback may be inaccurate, generic, or
generation suggestions, adaptive feedback process-oriented feedback misaligned with students’ actual needs
Technical Prompt design, RAG, adaptive These methods can improve reliability, Integration across technologies
optimization feedback, reasoning evaluation contextual alignment and learning support remains insufficient
Dataset and Mathematical reasoning benchmarks, Different resources support No single dataset covers all needs 
benchmark support open-ended response datasets, different assessment functions of mathematical intelligent

feedback-oriented data educational assessment

however, their performance is still affected by the complexity
of the problem, symbolic representation, reasoning depth and
evaluation design. Therefore, in the future, mathematical
assessments need to be adjusted to evaluate students'
thinking process, errors made and the reason for those errors
as well.

Dataset and benchmark support in mathematical
assessment studies: The third main result is the Dataset and
Benchmark Support. Existing studies have used various kinds
of datasets and benchmarks to evaluate the performance of
LLMs, such as mathematical reasoning benchmarks, open-
ended response datasets, feedback-oriented assessment data
and multimodal or context-rich mathematical tasks25. The
above resources provide support for evaluating the ability to
reason, scoring performance, feedback quality and learning
assistance.

Mathematical reasoning benchmarks can be used to test
the problem-solving and logical-step-following capabilities of
LLMs in mathematics. Reasoning benchmarks are not always
designed to diagnose learning problems in the classroom.
Some benchmarks focus on the correctness of the final answer
or high-level problem-solving skills and offer little information
about students' error patterns, knowledge-point labels or
feedback quality.

Open-ended response datasets are closer to educational
assessments because they contain students' free-form
answers and are frequently graded with rubrics. The above
data can be used to examine the level at which LLMs have
understood student responses, how grades are assigned and
support for formative assessment provided. However, there
may still be deficiencies in the subject coverage, annotation
quality and detailed process-level error information.

Feedback-oriented assessment data can be used to find
out whether LLMs are helping students learn effectively in
actual  teaching  situations,  rather  than  just  being  correct26.

Based on the above research, LLMs can generate rich data for
practice; however, it is not known whether this data is valid. All
of the above aspects will be used as indicators to measure the
quality of feedback.

For  mathematical  intelligent  educational  assessment, 
the  reviewed  literature  indicates  that  no  single  dataset  or
benchmark  can  fully  support  all  requirements27.  Some
resources  are  strong  in  mathematical  reasoning  evaluation, 
but  weak  in  feedback  generation.  Some  are  useful  for
open-ended  assessment,  but  lack  mathematical  subject 
specificity. Some support feedback analysis, but do not
include  long-term  learning  traces.  Therefore,  dataset 
selection  should   be  aligned  with  the  specific  assessment
task, such as automated scoring, error diagnosis, feedback
generation, multimodal understanding, or adaptive learning
support.

Thematic synthesis of reviewed studies: Table 1 summarizes
the main research themes identified from the reviewed
literature. The synthesis shows that LLMs have strong
potential in mathematical intelligent educational assessment,
but current studies still have limitations in reliability, subject
adaptation, feedback quality, teacher-AI collaboration and
dataset suitability.

Synthesized research gaps: Based on the reviewed studies,
five major research gaps can be identified.

First, the mathematical subject adaptability of LLMs
remains insufficient. Although LLMs perform well in general
language understanding, they may still make errors in
symbolic reasoning, step-by-step verification, geometric
interpretation and subject-specific error diagnosis26. Existing
studies have not fully solved the problem of adapting general-
purpose LLMs to the strict logical requirements of
mathematics.
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Second, the quality of LLM-generated feedback still needs
improvement. Many systems can judge whether an answer is
correct, but they cannot always provide accurate, targeted and
learner-friendly explanations25,26. In particular, feedback may
be too general, too difficult, beyond the syllabus, or
disconnected from the student’s actual reasoning process.
This shows that feedback quality should be evaluated not only
by fluency, but also by pedagogical usefulness and
mathematical correctness.

Third, the adaptive learning closed loop is not yet
complete. Although some studies discuss personalized
learning support, many of them stop at one-time assessment
or feedback generation27. There is still limited research on the
continuous cycle of assessment, feedback, relearning,
reassessment and learning status updating. This limits the
ability of LLM-based systems to support long-term learning
improvement.

Fourth, teacher support is still relatively weak. At present,
more attention has been paid to student-oriented functions
and the role of teachers in interpreting and applying LLM-
generated assessment results has not been fully explored.
More effort needs to be made to use LLMs for error analysis
and trend monitoring of student learning to inform targeted
remedial measures.

Fifth, Dataset Integration is also lacking. Existing datasets
and benchmarks offer some support for the three sub-tasks of
supporting mathematical reasoning, evaluating open-ended
responses and providing feedback; however, they are often
designed for different purposes. There is a deficiency in an all-
in-one dataset that can simultaneously support mathematical
error diagnosis, feedback generation, multi-modal input and
educational assessment validation.

In short, based on the above results, LLMs show good
prospects for use in intelligent educational assessment for
mathematics, particularly in automated scoring, error analysis
and feedback generation and personalized learning support.
However, the existing studies are still limited in mathematical
domain adaptation, feedback reliability, adaptive learning
continuity, teacher-AI collaboration and dataset suitability. The
above-mentioned synthetic results provide the foundation for
the following discussions on implications and directions for
future research.

Interpretation of the main findings: According to the results
of this review, large language models should not be regarded
solely as aids to improve the efficiency of grading. The first
problem of mathematical intelligent educational assessment
is whether LLMs can provide good support for learning by
accurately identifying difficulties in learning, giving prompt
and  relevant  feedback  and  adjusting  teaching  plans.  Good

feedback can help learners know what they need to improve
in relation to their learning goals and more importantly, it
should show them how to improve rather than just tell them
the correct answer28.

Therefore, this will also apply to teaching of mathematics.
Mathematical assessment can verify that a student has solved
a problem correctly and observe how well they can employ
logic, concepts, symbols, procedures, problem-solving
strategies, etc., in this process. Therefore, the Design of LLM-
based assessment should support process-level interpretation.
If only a binary indicator of “correctness” is provided by an
LLM, its educational value will be limited. A better assessment
system should be able to explain why an error occurred, what
concept is being addressed and how the learner can correct
the solution.

Based on the above research, LLM-based mathematics
assessment needs to be linked with students' self-regulated
learning. Formative assessment and self-regulated learning are
related in that feedback can help learners know how well they
have learned and adjust their own study plans29. Therefore, the
feedback generated by LLMs should not be regarded as final
rectification. It should help learners think independently and
independently choose to learn further.

Another is that the design of LLM-based assessment
should be a human-AI collaboration. Intelligent tutoring
systems and AI-assisted learning tools have been proposed to
support students' studies for a long time, but they are not
intended to replace teachers' teaching. Research on hybrid
human-AI learning in recent years has also proposed that AI
systems should support teachers and not take over their
roles29,30. Teachers are still necessary at the level of
mathematical assessment to validate the results produced by
LLMs, address any misunderstandings students have and
adjust teaching plans accordingly.

Dataset and benchmark suitability for mathematical
assessment: Selection of the Dataset and Benchmark is a
Problem in LLM-based Mathematical Intelligent Educational
Assessment. As shown by the above studies, the various
datasets and benchmarks have different purposes. Some are
more suitable for the assessment of mathematical reasoning,
some for scoring open-ended answers, some for evaluating
the quality of feedback and some for adaptive learning or
classroom decision support. Therefore, when selecting a
dataset, we need to know why we plan to use it for training
and what the scale of the data is.

Benchmarks of mathematical reasoning can be used to
determine the problem-solving ability and difficulty handling
of LLMs in mathematics. They can be used to test reasoning
ability,  symbolic  understanding  and  problem-solving  skills.
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Table 2: Comparative analysis of dataset and benchmark suitability
Dataset or Suitable Suitability for mathematical 
benchmark type Main scope assessment task Main limitation intelligent assessment
Mathematical Mathematical problem solving Testing LLM reasoning ability Often lack student error Suitable for evaluating reasoning
reasoning and reasoning performance and problem-solving accuracy patterns and feedback labels capacity, but insufficient for
benchmarks student learning diagnosis
Open-ended Student written answers Automated scoring and May lack reasoning-step Suitable for scoring tasks, but
response datasets and rubric-based scoring constructed-response annotations and should be combined with error

assessment misconception labels diagnosis data
Feedback-oriented Feedback generation Evaluating explanation quality Feedback quality is difficult Suitable for evaluating
data and learning support and correction suggestions to measure automatically personalized feedback when

combined with expert review
Adaptive Learning traces, progress records, Supporting assessment- Requires longitudinal Suitable for validating whether
learning data repeated assessment results feedback-relearning cycles data collection LLM feedback improves

learning over time
Multimodal Problems involving diagrams, Evaluating mathematical May lack process-level Useful for multimodal
mathematical data tables, graphs, or visual context understanding beyond diagnosis labels assessment, but not sufficient

text-only input alone for feedback evaluation

However, their weakness is that they often focus on model-
level performance rather than student-level learning
diagnosis. A model may be able to solve a benchmark
problem correctly, but it is not necessarily indicated that this
has identified a student's misconception or provided effective
learning feedback. Recent studies on LLMs in mathematics
education have also shown that current LLMs still have
deficiencies in complex reasoning, proof-based tasks and
reliable explanation generation31.

Open-ended response datasets are more directly related
to educational assessment18. They are suitable for determining
whether LLMs can interpret varied answers from students,
apply scoring rubrics and support formative assessment.
However, the open-ended response datasets may not always
include detailed reasoning-step annotations or misconception
labels. Therefore, they are less suitable for analysing errors in
mathematics. Scoring labels are not enough for the
mathematical intelligent assessment; we also need process-
level labels, error categories and knowledge-point
information.

Feedback-oriented data can be employed to identify the
degree to which an LLM’s responses assist teaching24,25. The
Quality of Feedback does not depend on Fluency or Length.
Assess the correctness, specificity, clarity, suitability for
learners and practicality of the problem. Feedback in
mathematics education should be precise in terms of
mathematics and aligned with how students have been
thinking. If the feedback is accurate but too difficult, too
general, or beyond what the learner can currently handle, it
will have little teaching effect.

Adaptive learning data are needed when the goal is to
build a continuous assessment-feedback-relearning cycle. 
Self-regulated    learning    research    suggests    that   learning

support should help students monitor progress and adjust
strategies over time32. Therefore, if an LLM-based system aims
to support adaptive learning, it should not rely only on single-
task datasets. It also needs longitudinal learning data,
knowledge-state records and repeated assessment results.
Without such data, it is difficult to verify whether feedback
actually improves learning over time.

Multimodal or context-rich mathematical data are also
important for future mathematical assessment. Mathematics
problems often include diagrams, tables, graphs, symbolic
expressions, or real-world contexts. However, multimodal data
alone are not enough. To support educational assessment,
such data should also include student responses, reasoning
traces, error labels and feedback evaluation criteria. Otherwise,
they can test visual or reasoning ability, but cannot fully
support learning diagnosis shown in Table 2.

Based on the above comparison, none of the existing
datasets or benchmarks can meet all the demands of
mathematical intelligent educational assessment. A
reasonable way to do this is to combine all the above data in
accordance with different purposes. Reasoning benchmarks
can evaluate problem-solving ability; open-ended response
datasets support automated scoring; feedback-oriented data
assess feedback quality; adaptive learning data support
learning-loop validation; and multimodal data help build
visual mathematical understanding. The above combined set
of data is more in line with the features of mathematics
assessment.

Implications for LLM-based mathematical assessment
design: Based on the discussion above, the three focuses of
design for LLM-based mathematical assessment systems are
as follows:
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Strengthen the Mathematical Domain Adaptation in the
first place. General-purpose LLMs are good at generating
fluent explanations but may not be accurate in mathematics.
Symbolic-mathematics assessment can be employed to
identify the entire process of a student’s thinking and correct
any errors. Although recent studies on the application of LLMs
in mathematics education have shown that they can provide
prompt explanations and learning support, they are still weak
in dealing with difficult problems and offering reasonable
justifications33. Therefore, domain-specific prompts,
mathematical knowledge bases, curriculum-aligned rubrics
and expert verification are needed.

Secondly, add a few types of feedback evaluation. A good
LLM feedback system should inform students that the answer
is incorrect and, at the same time, guide them to learn why
they made a mistake and what they should study next. Based
on the research results of feedback, it should be more
concrete, feasible and closely aligned with learning goals34.
Therefore, the future study should examine various aspects of
LLM-generated feedback, such as its mathematical accuracy,
ease of understanding, specificity, suitability for learners and
teaching applications.

Thirdly, foster collaboration between teachers and
artificial intelligence for assessment. Research on human-AI
cooperation suggests that AI should assist teachers in dealing
with routine or initial analysis; teachers will still be responsible
for pedagogical interpretation and instruction35. Therefore, in
the field of mathematics assessment, LLMs can be employed
to assist with the initial grading and collection of errors,
providing teachers with prompt feedback, while the final
decision on intervention strategies should still be made by
teachers.

FUTURE RESEARCH DIRECTIONS

First,  a  new  system  for  mathematical  assessment  will 
be introduced in the future. Such frameworks should also
assess the accuracy of the final answer, the reasoning process,
types of errors, quality of feedback and learning
improvements. Learning also includes developing procedural
skills, building concepts and mastering symbols at the same
time.

Second, in the future, more integrated datasets for
mathematical intelligent educational assessment will be
created. Most of the existing datasets support only one part of
the evaluation, such as reasoning assessment or scoring. In the
future, the datasets will also include student answers,
reasoning paths, error annotations, knowledge points,

feedback annotations and learning progress data. Thus, we
will be able to assess the quality of education that LLMs can
offer better.

Thirdly, more experiments are needed to be carried out in
actual classrooms. Many of the current studies focus on
benchmark evaluation or short-term experimental tasks.
Mathematics’ intelligent assessment is also to help improve
teaching and learning. A long-term study of the classroom
should be carried out to determine whether LLM-generated
feedback improves students’ learning outcomes, how teachers
can use LLM-generated summaries effectively and whether
students show improved self-regulation in repeated rounds of
evaluation and feedback.

Finally, future studies will also address the problems of
ethics and teaching. LLM-based assessment may have the
following risks: Inaccurate feedback, student over-reliance,
teacher deskilling, privacy problems and unfair evaluation.
Therefore, the following systems will include human
verification, open scoring rules, data protection measures and
clear boundaries for the use of AI in educational assessment.

CONCLUSION

Review of recent studies on the application of Large
Language Models in mathematical intelligent educational
assessment. Based on the above results, it is found that LLMs
can help build automated scoring and reasoning analysis
systems for teacher-aided evaluation. Moreover, this paper
proposes that rather than scoring students’ math exercises,
good uses of LLMs can help us locate their mistakes in the
work and offer prompt corrections and suggestions for
improvement. By organising the literature from the
perspectives of assessment function, technical support and
dataset suitability, this paper offers a targeted reference for
subsequent studies and practical system design of
mathematical intelligent educational assessment.

SIGNIFICANCE STATEMENT

This study is significant as it systematically synthesizes
current research on Large Language Models in mathematical
intelligent educational assessment, highlighting their
potential to enhance automated scoring, personalized
feedback and learning diagnosis. It identifies key limitations in
domain adaptation, feedback quality and dataset integration,
providing a structured foundation for improving AI-driven
assessment systems and guiding future research in
mathematics education.
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