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Figure 1: The exercise data structure and the multi-agent framework of the CogEA system

ABSTRACT
The rapid advancement of the online learning platform has created
a demand for high-quality annotated exercise data, yet manual
exercise annotation struggle to meet current exercise data require-
ments. This demonstration introduces the Cognitive ability-based
Exercise Agent(CogEA), a Multi-Agent System(MAS) aimed at au-
tomatically annotating exercises. We propose "cognitive ability"
to reflect both knowledge selection and knowledge application
in exercises. In addition, using agents driven by large language
models(LLM) that simulate human behaviors of the administra-
tor, student, and teacher, the CogEA system ensures the quality
of exercise annotation. The demonstration video can be found at:
https://youtu.be/y3XLdWIuxNE
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1 INTRODUCTION
With the rapid advancement of the public and private online learn-
ing platform, the role of high-quality educational data is becoming
increasingly prominent. Exercise data constitute a key component
of educational data, performing the crucial function of facilitating
students’ knowledge acquisition and assessing their level of knowl-
edge mastery[2, 3, 9]. However, the process of migrating exercise
data to online learning platforms presents the following limitations:

(1) Limited scope of exercise annotation. Exercises serve the func-
tion of evaluating students’ mastery of knowledge; therefore, the
exercise should be annotated with the corresponding knowledge
concept. Current exercise annotations only include the selection of
knowledge concepts and do not include the application of knowl-
edge concepts[8]. The latter plays an equally important role as the
former in evaluating students’ mastery of knowledge[1, 5]. Figure
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Figure 2: Illustration of cognitive ability, which includes knowledge
selection (blue) and knowledge application (red)

2 illustrates an example of knowledge selection and knowledge
application included in exercises.

(2) The deficiencies and costs due to manual operation. Due to
the oversights of manual operation, the original exercise on online
learning platforms possibly contains deficiencies in basic exercise
indexes. In addition, exercises are normally annotated manually[8],
which incurs substantial costs and therefore goes against the large-
scale deployment of exercise data.

The ability of large language models (LLMs) to simulate human
behavior offers a promising solution to the limitations mentioned
above[4]. This demonstration presents a multi-agent system CogEA.
The system employs "cognitive ability" to reflect both knowledge
selection and knowledge application in exercises. In addition, the
agents within the system simulate the human behaviors of ad-
ministrators, students, and teachers, collaborating with each other
to automatically annotate high-quality exercise data. Therefore,
our system is capable of supporting applications such as learning
state assessment and exercise recommendation on online learning
platforms[6, 7].

2 THE PROPOSED MULTI-AGENT SYSTEM
2.1 Framework
Figure 1 illustrates the exercise data structure and the multi-agent
framework of the CogEA system. The exercise data structure of
CogEA includes five indexes: question, answer, explanation, knowl-
edge, and cognitive type. The multi-agent framework includes three
types of collaborative agents: virtual administrator, virtual students,
and virtual teacher.

2.2 Cognitive Ability-based Exercise Data
Structure

The exercise data structure of the CogEA system comprises basic
indexes and evaluation indexes. Basic indexes include three indexes:
question, answer, and explanation. Evaluation indexes are used to
evaluate students’ mastery of knowledge. To reflect both knowl-
edge selection and knowledge application in exercises, we build
on Marzano’s Taxonomy of Educational Objectives[5] to propose
"cognitive ability" as the evaluation indexes. Cognitive ability in-
cludes two indexes: knowledge (to reflect knowledge selection) and
cognitive type (to reflect knowledge application), while cognitive
type classifies knowledge application into four categories: retrieval,
comprehension, analysis, and utilization[5]. Figure 2 illustrates
that cognitive ability is more comprehensive than the index which
includes only knowledge selection.

2.3 Virtual Administrator
The virtual administrator maintains the online exercise dataset. It
includes two types of agents: the completion agent and the filtering
agent. Whenever users edit the exercise dataset, the completion
agent checks whether the question, answer, or explanation of the
edited exercise is incomplete. If the question is incomplete, the
agent asks users to complete it; otherwise, the incomplete exercise
is forbidden. If the answer or explanation is incomplete, the agent
automatically generates the corresponding content to complete it.
In addition, for each exercise, the filtering agent selects a knowl-
edge set containing no more than 30 knowledge concepts from the
knowledge base, which is prepared for subsequent annotation.

2.4 Virtual Students
The virtual student agents annotate the knowledge and cognitive
categories, which reflect the cognitive ability of exercises. For each
exercise, the virtual student agent simulates the problem-solving
behavior of the students. Based on simulated behavior, the agent
selects one knowledge concept from the knowledge set and selects
one cognitive type from four available categories. To mitigate the
impact of incorrect annotations, each exercise is annotated by five or
more virtual student agents. These agents differ in their LLM APIs
and contexts to simulate the variations among different students.

2.5 Virtual Teacher
The virtual teacher comprises two types of agents: the evaluation
agent and the feedback agent. The evaluation agent evaluates and
integrates the annotations from each virtual student agent and
determines the final annotation. For virtual students who made
annotation errors, the feedback agent generates feedback and adds
it to that virtual student’s interaction memory. Consequently, the
virtual student agent embeds the previous feedback into the prompt
via a RAG module, thus avoiding previous mistakes in subsequent
annotations.

2.6 Demonstration Setup
The automated annotation and maintenance function of the CogEA
system is deployed on an exercise dataset from a middle school that
contained 5100 exercises. The LLMs-based agents invoke the APIs
provided by GPT, Gemini, and DeepSeek.

3 THE ACCURACY OF ANNOTATION
To validate the accuracy of cognitive ability annotation performed
by our MAS, we randomly selected the annotation of 100 exercises
from our dataset and invited four experts to evaluate the annotation.
Expert evaluations indicated that 96% of the extraction is accurate,
providing preliminary validation of the reliability of the annotation.

4 CONCLUSION
This demonstration presents an innovative application of the Co-
gEA system for automated exercise annotation and maintenance
in online learning platforms. The exercised processed by the Co-
gEA system show promising quality and usability, due to the novel
cognitive ability-based exercise data structure, LLM-based human
behavior simulation, and multi-agent collaboration.
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