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Abstract

The continuous progress in large language models (LLMs) and agent technologies have 
made LLM-based agents a promising new tool for enhancing the quality and efficiency of 
teaching and learning in the educational domain. Based on the differences in functional 
positioning of LLM-based agents, single-agent systems (SASs) are capable of supporting 
various teaching and learning tasks, such as content generation, intelligent feedback, and 
assessment. However, due to the homogeneous nature of their interaction characteristics 
and functional attributes, SASs are confronted with limitations in promoting deeper 
cognitive development. In contrast, multi-agent systems (MASs) simulate various 
educational roles, enhancing the diversity and depth of learning interactions and thereby 
providing more personalized and profound learning experiences. Considering that the 
application of agents in the learning process primarily relies on learners’ initiative, 
this study designs motivational learning activities for both SASs and MASs based on 
the attention, relevance, confidence, and satisfaction (ARCS) model of motivation. To 
ensure the effective implementation of these activities, a quasi-experimental study is 
subsequently conducted in the context of English reading. The experimental results 
reveal that MAS-based motivational learning activities significantly outperform SASs in 
improving students’ academic achievement in reasoning, evaluation, and application 
tasks. Furthermore, MASs exhibit a stronger boost in the learning motivation of students 
and effectively promote deeper cognitive development, particularly in abstraction and 
generalization skills. This study underscores the value of MASs in supporting in-depth 
learning and provides insights for further exploration of their applications in education.
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1　Introduction
With the continuous development of large language models (LLMs) represented by ChatGPT, 
LLM-based agents, as an efficient and advanced technological tool, have become a key 
driving force for supporting educational effectiveness and future development (Yang et al., 
2023). Firstly, LLM-based agents themselves support real-time interaction with multimodal 
data, such as text, images, audio, and video. This enables them to provide learners with 
convenient and efficient learning feedback as support. In addition, LLM-based agents 
offer learners a more efficient and engaging language learning journey with interactive and 
personalized experiences by leveraging the generative capabilities of LLMs (Zhao et al., 
2024). Secondly, agents draw upon knowledge systems formed from massive data to provide 
personalized guidance for various learning activities by simulating various educational 
roles, such as expert, teaching assistant, learning companion, and administrator (Kasneci et 
al., 2023). In this way, they support teachers in quickly adjusting instructional strategies or 
methods and facilitate the self-construction of cognitive processes (Jiang, 2023).

The implementation of agents requires a series of framework conditions and validation 
processes, and the question–feedback mode of conversational LLMs naturally possesses 
the role attributes of expert agents. Therefore, current studies mostly adopt a model where 
learners interact with a single-agent system (SAS) to assist in problem solving (Qiu & Li, 
2023). Under the mode, agents often act as instructors in the learning process of learners by 
primarily relying on specific abilities, such as knowledge instruction, exercise generation, and 
evaluation feedback for content guidance (Li et al., 2024). Some studies have confirmed that 
learner performance is significantly improved with the support of an SAS through strategy 
design, such as difficulty levels to evaluate learners’ proficiency (Wang et al., 2024) and 
the mechanism of the progressive prompt strategy (Chen et al., 2024). However, the role 
limitations of an SAS make it difficult to design multi-party collaborative activities during 
the learning process. The absence of structured guidelines, namely, interaction and reflection 
in SASs, may limit the development of higher-order thinking skills among students (Lee 
et al., 2024). To address the limitation, LLM-based multi-agent systems (MASs) offer a 
more effective solution for supporting learning activities. An MAS is composed of multiple 
autonomous agents that are responsible for coordination or competition with others in the 
system to accomplish complex tasks (Janbi et al., 2023). Through internal interactions among 
agents, the systems enable the emergence of swarm intelligence and self-improvement of 
their capabilities (Wu et al., 2024), thereby enhancing the overall effectiveness of MAS 
applications. Furthermore, the role differentiation provided by MASs better targets the 
specific needs of learners. Specifically, in contrast to SASs that directly deliver knowledge, 
MASs simulate the teacher (agent)–student (human) and student (agent)–student (human) 
interactions found in real classrooms, implementing learning strategies comparable to those 
in real educational settings (Lu et al., 2024).

A high level of learner autonomy is necessary during interactions with agents. However, a 
lack of learning motivation often leaves students trapped in monotonous learning activities, 
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compromising their learning outcomes (Zhang & Perez-Paredes, 2021). How to provide 
an effective motivational framework for learners to support their engagement in current 
learning activities is a key aspect of the application of agents in education and teaching. 
Given the comprehensive and multifaceted support of LLM-based agents for the design of 
roles and activities in the learning process, it is beneficial to flexibly apply the ARCS model 
of motivation, encompassing attention, relevance, confidence, and satisfaction (Keller, 1987), 
to stimulate student motivation. It guides learners to reduce the burden of low-level cognitive 
processing and dedicate more time and effort to high-level cognitive activities, such as 
inquiry, collaboration, and evaluation, thereby facilitating learning in depth (LID).

Therefore, this study designs plans for motivational learning activities based on 
SASs and MASs within the framework of LLMs and the ARCS model of motivation to 
stimulate students’ learning motivation and guide their cognitive processing toward deeper 
development. To verify the effectiveness and differential effects of implementing single-
agent and multi-agent learning activities, this study conducts an empirical study in a college 
English reading course. It examines the promotion effect on the LID of learners and provides 
insights for cultivating higher-order learning competence. Specifically, the study compares 
the impacts of an SAS and an MAS on students’ academic achievement, learning motivation, 
and cognitive levels during reading activities.

2　Literature Review
2.1　SAS and MAS
An agent is an adaptive system that perceives its environment and acts upon it to realize a set 
of goals or tasks for which it is designed (Franklin & Graesser, 1996). In the field of artificial 
intelligence (AI), the design and implementation of agents has always been considered one 
of the core objectives. Over an extended period, agents have been limited by the insufficient 
flexibility and intelligence level of their core models, making it difficult for them to fulfill 
their anticipated roles. With the advent of LLMs, feasible technical support has been provided 
for the development of agents. In routine applications, agents are predominantly deployed 
in the form of SASs, where they act as independent intelligent agents to interact with the 
external environment. The integration of LLMs has enabled them to adapt to a variety of 
tasks (Lu et al., 2024). However, researchers have found that SASs continue to exhibit 
limited flexibility and dynamic adaptability in complex environments. For example, in the 
educational domain, when SASs encounter complex situations involving multiple learning 
tasks and multi-role interactions, their feedback content is monotonous, and it is also difficult 
for them to dynamically generate higher-quality solutions through collaboration mechanisms 
(Yu et al., 2024). To address the limitations, researchers have attempted to leverage the 
swarm intelligence and iterative self-improvement of MASs to overcome the shortcomings of 
SASs in flexibility and adaptability, enabling them to effectively adapt to more complex and 
dynamic task environments (Wu et al., 2024).
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The conceptual foundation of the MAS originated from the development of distributed AI 
(Zhai et al., 2024). Early research focused on distributed problems themselves and attempted 
to ensure the consistency and efficiency of distributed system behaviors by setting rules. 
However, the design based on predetermined rules has demonstrated a lack of flexibility and 
adaptability when confronted with complex and dynamic environments (Moulin & Chaib-
Draa, 1996). As MASs have exhibited strong dynamism and flexibility in solving complex 
problems (Gronauer & Diepold, 2022), researchers have gradually shifted their focus 
from traditional distributed AI to MASs. At the same time, the continuous improvement 
of computing power and the application of reinforcement learning methods have led to 
remarkable progress in MASs in terms of environmental perception, self-directed learning, 
and strategy optimization (Xie & Liu, 2017). However, in the educational domain, MASs 
at this stage still exhibit limitations. Their flexibility and dynamic adaptability remained 
restricted due to the lack of a real-time feedback mechanism, affecting their wide-range 
applications in practical teaching (Guo et al., 2024).

In recent years, LLM-based MASs have gradually become the focus of research. These 
LLM-based MASs combine the advantages of natural language processing technology and 
GenAI, making it possible for agents to conduct real-time and efficient interactions through 
human language and possess the capability of dynamic perception, reasoning, and action in 
multimodal space (Xi et al., 2025). The immediate feedback and dynamic learning mechanism 
have brought MASs to an unprecedented level of flexibility and intelligence. LLM-based 
MASs hold great promise in the educational domain (Guo et al., 2024). For example, it is 
possible for MASs to integrate and generate multimodal content, including text, images, and 
speech, creating immersive learning experiences for learners (Lu et al., 2024). Furthermore, 
MASs enable the simulation of teacher‒student dialogues and adjust instructional strategies 
in real time according to the learning situations of students. They offer immediate feedback 
and dynamic guidance, thereby supporting students to more efficiently understand and 
master complex knowledge structures and enhancing personalized learning outcomes (Swan 
et al., 2023). In addition, it is beneficial for students to participate in virtual learning teams 
simulated by an MAS so as to cultivate the ability of problem-solving skills and deepen the 
understanding of knowledge through feedback from multiple perspectives in collaborative 
interactions. The application of LLM-based MASs in educational scenarios provides rich and 
dynamic learning experiences for students while promoting the innovation of instructional 
design through more efficient mechanisms of interaction and collaboration.

2.2　Support of LLM-Based Agents for LID
LLM-based agents have created favorable conditions for promoting LID among students with 
the continuous iteration of LLMs, which is mainly reflected in the following two aspects. 
First, the LID situations are not confined to text as the only information carrier but emphasize 
the support of multimodal resources, such as text, images, video, and audio, to offer learners 
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vivid and rich immersive learning experiences. Agents provide strong support for constructing 
immersive and authentic situations by leveraging the advantage of generating and processing 
multimodal data (Zhao et al., 2024). Moreover, agents identify questions raised by students 
through natural language interaction and generate personalized feedback and guidance in 
real time, similar to human experts (Corlatescu et al., 2024; Kasneci et al., 2023). This assists 
students in identifying deficiencies, fostering reflection and adjustment, gradually developing 
learning strategies, and achieving the self-construction of knowledge.

However, LLM-based agents still encounter certain challenges in promoting LID. Existing 
studies have predominantly addressed preset problems of students through interactions with 
an SAS (Qiu & Li, 2023). For example, Wang et al. (2024) developed an English reading 
LLM-based agent that automates question generation and feedback aligned with the reading 
ability of students. However, the agent was limited to such functions as question generation 
and knowledge delivery and failed to support learning activities between students and 
the agent that are conducive to high-level cognitive development, such as collaboration 
and inquiry. Although the findings demonstrate that the LLM-based agents are effective 
for improving students’ academic achievement in the short term, they reveal limitations 
in supporting the long-term development of their learning competence, especially the 
LID competence. However, LLM-based MASs provide a feasible solution for solving the 
above problems. The system is engaged in coordination or competition with other agents 
to accomplish complex tasks (Janbi et al., 2023). In addition, it is feasible for MASs to 
simulate teacher‒student interactions in real-life classrooms and implement instructional 
strategies similar to those in reality through roleplaying (Lu et al., 2024). This characteristic 
enables MAS-based instructional design to flexibly apply diversified teaching strategies (i.e., 
collaborative strategies) to stimulate students’ learning motivation and guide them toward 
higher-level cognitive activities. Instead of being passive recipients of knowledge, students 
actively participate in more complex cognitive activities, including reasoning, critical 
thinking, and collaborative problem-solving through the approach (Zhai et al., 2024). The 
learning activities oriented toward deep cognition are conducive for students to dedicate more 
time and effort to focus on high-level cognitive demand, thereby achieving LID.

2.3　ARCS Model of Motivation and Its Impact on Education
The ARCS model of motivation is an instructional model that integrates multiple motivational 
strategies (Keller, 1987). It comprises four stages, namely, attention, relevance, confidence, 
and satisfaction, to enhance learning motivation and facilitate the sustained and efficient 
execution of learning activities. The first stage aims to capture the attention of students and 
stimulate their interest in learning. The second stage requires learning activities to align with 
personal goals and needs, enabling them to perceive the significance of their learning. The 
third stage focuses on establishing self-confidence, enabling students to feel a sense of control 
during the learning process and fostering their expectations for success. The final stage 
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emphasizes enhancing a sense of satisfaction, thereby sustaining the motivation for continuous 
learning (Keller, 2008). In recent years, the ARCS model of motivation has received 
widespread attention in the educational field. Research has indicated that the motivation 
model-based approach improves the learning motivation and English achievements of 
students (Chang & Hwang, 2024). In particular, the ARCS model of motivation proves to be 
useful to provide a frame of reference to guide technology-supported learning environments 
(Song & Keller, 2001). Therefore, combining the MAS with the ARCS model of motivation 
effectively integrates the advantages of technology support and instructional design, further 
facilitating the development of LID competence of students.

This study aims to design MAS-based motivational learning activities by integrating 
multiple agents and the ARCS model of motivation. To investigate its effectiveness, this study 
is implemented in a college English reading course, aiming to address the following research 
questions:

(1) Are MAS-based motivational learning activities more effective in improving students’ 
academic achievement compared with SAS?

(2) Are MAS-based motivational learning activities more effective in stimulating students’ 
learning motivation compared with SAS?

(3) How does the impact of MAS-based motivational learning activities on students’ LID 
cognitive levels differ from that of SAS?

3　Design of SAS-Based and MAS-Based Motivational Learning Activities
3.1　Design of SAS-Based Motivational Learning Activities
With reference to the procedure of motivational learning activities based on the ARCS model 
of motivation (namely, attention → relevance → confidence → satisfaction), the SAS-based 
motivational learning activities are designed (see Figure 1). In the attention stage, students 
select learning topics of interest. The agent generates personalized learning materials based on 
their interest and the topics and poses preliminary exploratory questions, thereby introducing 
the topic and stimulating learning interest. In the relevance stage, the agent designs in-depth 
exploratory questions integrated with real-life situations, enabling students to connect the 
learned content with them, thereby enhancing the practical significance of the learning. In the 
confidence stage, the agent designs personalized learning tasks and provides guiding prompts 
when students encounter difficulties, assisting them in overcoming problems and gradually 
reinforcing their confidence. In the satisfaction stage, the agent generates personalized 
evaluations and incentives based on the learning process of students, supporting them to 
conduct self-reflection and consolidate the learned content, thereby stimulating the motivation 
for continuous learning.
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Figure 1
Design of SAS-Based Motivational Learning Activities
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However, SAS-based learning activities exhibit certain deficiencies: (1) The interactivity of 
the SAS is relatively limited. Students are typically restricted to interacting with a single role, 
lacking collaboration and discussion with others, including teachers and peers. The limitation 
impedes students from obtaining feedback and support from diverse perspectives, thereby 
rendering their thinking and comprehension susceptible to restriction. (2) The feedback 
provided by the SAS is typically unidirectional and lacks flexibility, particularly failing to 
offer comprehensive feedback formats or diversified problem-solving strategies when students 
encounter difficulties. (3) The learning process supported by the SAS is isolated, lacking 
peer interaction and social support. The learning environment deprived of social interaction 
might result in students exhibiting insufficient motivation and confidence when confronting 
challenges, thereby negatively impacting their learning enthusiasm and persistence. (4) The 
learning process supported by the SAS lacks supervision, posing challenges in the real-
time monitoring and guiding of behaviors that might deviate from the learning topics during 
interactions between students and the agent.

3.2　Design of MAS-Based Motivational Learning Activities
This study develops an LLM-based MAS to offset the deficiencies of SAS and provides 
more comprehensive support for the learning process of students. Existing MAS frameworks 
simplify the process of constructing systems, making rapid development possible. Currently, 
commonly used LLM-based MAS frameworks include AutoGen, CAMEL, BabyAGI, 
MetaGPT, and CrewAI (see Table 1). Human engagement in MASs refers to whether it 
is possible for human users to engage with the interaction process among agents and the 
engagement methods. There are two types of interaction modes. The dynamic mode allows the 
designation of any agent as the next speaker, while the static mode forbids it. The relationship 
of interaction among agents remains fixed. Among the commonly used frameworks, 
AutoGen is the only one that allows human engagement, customized input of frequencies 
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and conditions, and designation of an agent role to interact with users. Additionally, AutoGen 
supports both dynamic and static interaction modes, whereas other frameworks only support 
the static one. Regarding other functions, all frameworks support roleplaying and tool calling, 
but with the following differences. CAMEL boasts inception prompting, enabling the agent 
to automatically loop the initial task prompt until the task is completed. BabyAGI has a 
self-driven task function, allowing it to automatically create, organize, and execute tasks 
according to predetermined goals. MetaGPT ensures that the agent outputs structured content 
through standard operating procedures (SOP). In addition, agents in CrewAI autonomously 
delegate tasks and enhance problem-solving efficiency by querying each other.

Table 1
Comparison of LLM-Based MAS Frameworks

Characteristics AutoGen CAMEL BabyAGI MetaGPT CrewAI

Human 
engagement

Yes No No No No

Interaction 
modes

Dynamic/Static Static Static Static Static

Other features Roleplaying, tool 
calling, and 
customized 
conditions

Roleplaying, 
tool calling, 
and inception 
prompting

Roleplaying, 
tool calling, 
and self-
driven tasks

Roleplaying, 
tool calling, 
and SOP

Roleplaying, tool 
calling, and 
autonomous 
task delegation

In learning activities, the interaction between students and the MAS is mainly reflected 
in the teacher‒student interaction and collaborative inquiry processes. Furthermore, the 
interaction relationships between the MAS and learners require flexible adjustment in 
different stages of learning activities. By comparing existing MAS frameworks, AutoGen 
is selected as the development framework for the MAS due to its advantages in human 
engagement and flexible interaction modes.

The support of existing MAS frameworks makes it possible to develop an MAS. 
Considering the different functional requirements of agents in the teaching process, this study 
makes a reasonable role division to ensure that each agent performs its own duties during 
the teaching process, thereby achieving synergistic effects. To be specific, this study designs 
teaching assistant agents, peer agents, and expert agents to provide comprehensive support for 
the learning processes of students.

The design of MAS-based motivational learning activities is illustrated in Figure 2. 
In the attention stage, students select learning topics of interest. The teaching assistant 
agent generates personalized learning materials based on their interests and the topics and 
raises preliminary exploratory questions. The peer agent makes the learning process more 
immersive through simulated dialogues and roleplaying. The stage is designed to stimulate 
interest in learning, introduce topics, and evoke prior knowledge. In the relevance stage, the 
teaching assistant agent designs in-depth inquiry questions combined with real-life situations, 
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and students discuss the issues with the peer agent after studying the learning materials. 
The stage aims to enhance the relevance between learning materials and real life, assisting 
students in realizing the significance of learning. In the confidence stage, the teaching 
assistant agent designs personalized learning tasks according to the learning materials and 
assists students in overcoming difficulties by providing guiding prompts. The peer agent 
shares the experience of task completion during interactions with students. The stage serves 
to enhance the confidence of students and deepen their understanding of learning materials 
through personalized tasks and peer support. In the satisfaction stage, students conduct 
self-reflection through mutual evaluation with the peer agent. The teaching assistant agent 
generates evaluations and incentives based on their learning processes to further consolidate 
learning outcomes and stimulate motivation for continuous learning.

Figure 2
Design of MAS-Based Motivational Learning Activities
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3.3　Workflow of Personalized Task Generation of SAS and MAS
To clarify the differences between SASs and MASs in supporting learning processes of 
students, this study describes the workflow of personalized task generation in detail (see 
Figure 3). In the SAS, task generation is independently completed by a single agent. The 



HUANG Changqin, ZHONG Yihua, WANG Xizhe, HAN Zhongmei, WEI Tongquan114

Fi
gu

re
 3

C
om

pa
ris

on
 o

f W
or

kf
lo

w
s 

be
tw

ee
n 

SA
Ss

 a
nd

 M
A

Ss

I’v
e c

om
pl

et
ed

 th
e s

tu
dy

 o
f t

hi
s c

ha
pt

er
 an

d 
w

ish
 to

 fu
rth

er
co

ns
ol

id
at

e t
he

 ac
qu

ire
d 

kn
ow

le
dg

e t
hr

ou
gh

 a 
re

le
va

nt
 ta

sk
.

Th
e a

ge
nt

 id
en

tif
ie

s t
he

 st
ud

en
t’s

 n
ee

ds
 an

d 
as

ce
rta

in
s t

ha
t t

he
stu

de
nt

 d
es

ire
s t

o 
ac

co
m

pl
ish

 a 
ta

sk
 re

la
te

d 
to

 th
e l

ea
rn

ed
 co

nt
en

t t
o

co
ns

ol
id

at
e t

he
 ac

qu
ire

d 
kn

ow
le

dg
e.

Th
is 

ta
sk

 is
 ex

ce
ss

iv
el

y 
ch

al
le

ng
in

g 
fo

r m
e. 

Fo
r n

ow
, I

 w
an

t
to

 fo
cu

s o
n 

th
e k

no
w

le
dg

e w
ith

in
 th

e c
ur

re
nt

 m
at

er
ia

ls.

Th
e a

ge
nt

 g
en

er
at

es
 a 

ta
sk

 ac
co

rd
in

g 
to

 th
e t

he
m

e a
nd

 co
nt

en
t

of
 th

e l
ea

rn
in

g 
m

at
er

ia
ls 

of
 th

e s
tu

de
nt

. E
xa

m
pl

e:
 “P

ro
po

se
im

pr
ov

em
en

t o
r a

lte
rn

at
iv

e p
la

ns
, a

nd
 ex

pl
ai

n 
w

hy
 th

es
e p

la
ns

 ar
e

m
or

e a
pp

ro
pr

ia
te

 o
r e

ffe
ct

iv
e.”

Le
ar

ne
r

Le
ar

ne
r

Le
ar

ne
r

Le
ar

ne
r

A
ge

nt

A
ge

nt

A
ge

nt

Th
in

ki
ng

:

G
en

er
at

io
n:

Th
e e

xp
er

t a
ge

nt
 es

ta
bl

ish
es

 as
se

ss
m

en
t s

ta
nd

ar
ds

 fo
r t

he
 ta

sk
 ac

co
rd

in
g 

to
 th

e l
ea

rn
in

g 
pr

og
re

ss
 an

d
co

gn
iti

ve
 le

ve
l o

f t
he

 st
ud

en
t, 

en
su

rin
g 

th
at

 th
e t

as
k 

is 
bo

th
 ch

al
le

ng
in

g 
an

d 
ca

pa
bl

e o
f m

ea
su

rin
g

th
e s

tu
de

nt
’s

 co
m

pr
eh

en
sio

n 
an

d 
ap

pl
ic

at
io

n 
ab

ili
tie

s.

Es
ta

bl
ish

 ta
sk

 o
bj

ec
tiv

es
. E

xa
m

pl
es

: “
A

ss
es

s t
he

 st
ud

en
t’s

 co
m

pr
eh

en
sio

n 
ab

ili
ty

,”
“e

va
lu

at
e a

pp
lic

at
io

n 
ab

ili
ty

,” 
or

 “e
xa

m
in

e a
na

ly
tic

al
 ab

ili
ty

.”

Th
e t

ea
ch

in
g 

as
sis

ta
nt

 ag
en

t p
ro

vi
de

s l
ea

rn
in

g 
re

so
ur

ce
s a

nd
 su

pp
or

t b
as

ed
 o

n 
th

e
as

se
ss

m
en

t s
ta

nd
ar

ds
 an

d 
th

e s
tu

de
nt

’s
 co

gn
iti

ve
 le

ve
l, 

co
nc

ur
re

nt
ly

 g
en

er
at

in
g

pe
rs

on
al

iz
ed

 ta
sk

s r
el

ev
an

t t
o 

th
e t

as
k.

Q
ua

lif
ie

d:
 “T

he
 ta

sk
 is

 ac
co

m
pl

ish
ed

 an
d 

co
m

pl
ie

s w
ith

 th
e s

ta
nd

ar
ds

. R
ea

dy
 to

 se
nd

 it
 to

 th
e s

tu
de

nt
.”

U
nq

ua
lif

ie
d:

 “C
on

tin
ue

 o
pt

im
iz

in
g 

th
e t

as
k 

de
sig

n 
un

til
 it

 co
m

pl
ie

s w
ith

 th
e s

ta
nd

ar
ds

.”

Th
e t

ea
ch

in
g 

as
sis

ta
nt

 ag
en

t e
va

lu
at

es
 th

e c
om

pl
et

io
n,

 ac
cu

ra
cy

, a
nd

 d
ep

th
 o

f t
he

 ta
sk

 ag
ai

ns
t t

he
sta

nd
ar

ds
 an

d 
pr

ov
id

es
 fe

ed
ba

ck
.

Th
e p

ee
r a

ge
nt

 su
bm

its
 th

e t
as

k 
ou

tc
om

es
, s

uc
h 

as
 co

nc
ep

t s
um

m
ar

ie
s, 

an
al

ys
es

, o
r a

pp
lic

at
io

n 
sc

he
m

es
.

Th
e p

ee
r a

ge
nt

 si
m

ul
at

es
 th

e c
og

ni
tiv

e p
ro

ce
ss

 o
f t

he
 st

ud
en

t t
o 

ac
co

m
pl

ish
 th

e t
as

k,
an

d 
re

vi
se

s a
nd

 re
fin

es
 it

 w
ith

 re
fe

re
nc

e t
o 

th
e p

ro
vi

de
d 

re
so

ur
ce

s.

Th
in

ki
ng

:

G
en

er
at

io
n:

Th
in

ki
ng

:

G
en

er
at

io
n:

Th
in

ki
ng

:

Th
in

ki
ng

:

G
en

er
at

io
n:

G
en

er
at

io
n:

Th
e a

ge
nt

 re
co

gn
iz

es
 th

at
 th

e s
tu

de
nt

 co
ns

id
er

s t
he

 ta
sk

 ex
ce

ss
iv

el
y

ch
al

le
ng

in
g 

an
d 

re
qu

ire
s t

he
 as

se
ss

m
en

t o
f m

or
e f

un
da

m
en

ta
l

co
nt

en
t.

Ba
se

d 
on

 th
e f

ee
db

ac
k,

 th
e a

ge
nt

 g
en

er
at

es
 a 

sim
pl

er
 ta

sk
. E

xa
m

pl
e:

“C
om

pr
eh

en
d 

an
d 

br
ie

fly
 d

es
cr

ib
e t

he
 b

as
ic

 co
nc

ep
ts 

in
 th

e p
la

n.
”

Th
in

ki
ng

:

G
en

er
at

io
n:

Th
e a

ge
nt

 re
co

gn
iz

es
 th

at
 th

e s
tu

de
nt

 co
ns

id
er

s t
he

 ta
sk

 in
su

ffi
ci

en
tly

ch
al

le
ng

in
g 

an
d 

ne
ce

ss
ita

te
s a

n 
in

cr
ea

se
 in

 ta
sk

 d
iff

ic
ul

ty
.

Ba
se

d 
on

 th
e f

ee
db

ac
k,

 th
e a

ge
nt

 g
en

er
at

es
 a 

m
or

e c
ha

lle
ng

in
g 

ta
sk

Ex
am

pl
e:

 “A
na

ly
ze

 th
e a

dv
an

ta
ge

s a
nd

 d
isa

dv
an

ta
ge

s o
f t

he
 p

la
ns

pr
op

os
ed

 in
 th

e m
at

er
ia

ls.
”

Th
in

ki
ng

:

G
en

er
at

io
n:

Th
is 

ta
sk

 is
 in

su
ffi

ci
en

tly
 ch

al
le

ng
in

g.
 I’

ve
 m

as
te

re
d 

th
e

co
nc

ep
t.

Le
ar

ne
r

Le
ar

ne
r

Th
is 

ta
sk

 is
 ac

ce
pt

ab
le

. I
 ca

n 
m

ak
e i

t.

SA
S-

ba
se

d 
pe

rs
on

al
iz

ed
 ta

sk
 g

en
er

at
io

n
M

A
S-

ba
se

d 
pe

rs
on

al
iz

ed
 ta

sk
 g

en
er

at
io

n

I’v
e c

om
pl

et
ed

 th
e s

tu
dy

 o
f t

hi
s c

ha
pt

er
 an

d 
w

ish
 to

 fu
rth

er
co

ns
ol

id
at

e t
he

 ac
qu

ire
d 

kn
ow

le
dg

e t
hr

ou
gh

 a 
re

le
va

nt
 ta

sk
.

Ex
pe

rt 
ag

en
t

Is
 ev

er
yt

hi
ng

 cl
ea

r?

Te
ac

hi
ng

 as
sis

ta
nt

ag
en

t

Te
ac

hi
ng

 as
sis

ta
nt

ag
en

t

Pe
er

 ag
en

t

Th
is 

ta
sk

 is
 p

re
ci

se
ly

 co
nd

uc
iv

e t
o 

co
ns

ol
id

at
in

g 
m

y
ac

qu
ire

d 
kn

ow
le

dg
e.

Is
 ev

er
yt

hi
ng

 cl
ea

r?

Is
 ev

er
yt

hi
ng

 cl
ea

r?

Pr
ov

id
e l

ea
rn

in
g 

re
so

ur
ce

 su
pp

or
t. 

Ex
am

pl
e:

 “T
he

 ex
pl

an
at

io
ns

 o
f r

el
ev

an
t c

on
ce

pt
s a

re
 st

at
ed

 b
el

ow
.”

Pr
ov

id
e p

er
so

na
liz

ed
 ta

sk
s. 

Ex
am

pl
es

: (
1)

 C
om

pr
eh

en
sio

n 
qu

es
tio

ns
 (“

Br
ie

fly
 su

m
m

ar
iz

e t
he

 co
re

co
nc

ep
ts.

”)
 (2

) A
pp

lic
at

io
n 

qu
es

tio
ns

 (“
H

ow
 to

 ap
pl

y 
th

e a
cq

ui
re

d 
kn

ow
le

dg
e t

o 
pr

ac
tic

al
sit

ua
tio

ns
?”

) (
3)

 A
na

ly
tic

al
 q

ue
sti

on
s (

“A
na

ly
ze

 th
e c

as
e a

nd
 p

ro
vi

de
 so

lu
tio

ns
.”)



115Design and Empirical Study on Motivational Learning Activities Supported by LLM-Based Agents

agent generates relevant tasks based on the learning materials and the specific requirements of 
the students after the requests are raised. However, SAS lacks the capability to dynamically 
adjust difficulty and feedback mechanisms in the process, probably leading to excessively 
high or low task difficulty, thereby affecting the learning experiences of students. In contrast, 
task generation in the MAS is completed through the division of labor and cooperation 
among multiple agents. First, an expert agent establishes the assessment standards for the 
tasks, clarifying the expected goals and difficulty of the tasks. Second, the teaching assistant 
agent provides learning resources and support based on the assessment standards, generating 
the specific task content. The task covers the learning objectives and dynamically adjusts the 
difficulty and complexity of the task based on the learning progress of students. Third, the 
peer agent simulates the cognitive process of the student to accomplish the task and revises 
answers according to the requirements. Fourth, the teaching assistant agent evaluates the 
task performance of the peer agent based on preset standards. The agent sent the task to the 
students if the task complied with the standards. Otherwise, the agent continues to optimize 
the design of the task until the task meets the standards and then sends it to the students.

4　Experimental Design
4.1　Participants
To investigate the difference in the effectiveness of SAS and MAS in motivational learning 
activities, this study selects 48 sophomore students majoring in educational technology from 
a university in southeastern China as the subjects and randomly divides these students into a 
treatment group and a control group. Specifically, 24 students are included in the treatment 
group (8 males, 16 females; average age = 19.69 years; SD = 0.624) to participate in MAS-
based motivational learning activities. A total of 24 students are included in the control group 
(10 males, 14 females; average age = 19.31 years; SD = 0.535) to take part in SAS-based 
motivational learning activities. All participants sign an informed consent form and possess 
abundant online learning experience and some prior experience in using agents, indicating 
they are familiar with the basic operations and interaction formats of agents.

4.2　Experimental Design and Procedure
This study designs a quasi-experiment to investigate the impact of SAS and MAS on the 
LID of college students in motivational learning activities. During the activity design, 
the consistency in activity duration (45 minutes for each group) and complexity between 
the MAS group and the SAS group is strictly controlled. The SAS-based and MAS-based 
motivational learning activities remain consistent in the covered knowledge points and 
difficulty design to ensure that the activity objectives are comparable. According to the time 
records during the experimental activities, there is no significant difference in the average 
time spend by the two groups of students in completing the activities (t = 0.592, p > 0.05). 
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This indicates that the activity arrangement does not introduce a confounding effect caused by 
different durations.

In addition, to ensure consistency between the two groups of students in terms of teacher 
support, this study strictly limits the intervention of teachers during the experiment. The 
responsibilities of teachers are limited to answering technical operation questions, such as 
guiding students on how to log into the system or solving equipment issues, and all questions 
involving academic content are required to be solved independently by the students.

The experiment is divided into three stages: the pre-test stage, the quasi-experiment stage, and 
the post-test stage. The entire experiment lasts for 4 weeks, and its procedure design is shown in 
Figure 4. In the first stage, all participants complete the pre-tests for academic achievement and 
the learning motivation questionnaire. The pre-test results indicate that there is no significant 
difference in academic achievement between the treatment group and the control group (t = 0.943, 
p > 0.05), demonstrating that the learning levels of the two groups of students are roughly 
equivalent before the experiment. In the second stage, the students in the treatment group 
participate in MAS-based motivational learning activities, while the students in the control 
group participate in SAS-based learning activities. In this study, the process is implemented 
through conversational interactions with the iFlytek Spark Large Model. In this stage, the 
system automatically records the Q&A data during the learning activities to facilitate subsequent 
epistemic network analysis (ENA). In the third stage, all participants complete the post-tests for 
academic achievement and the learning motivation questionnaire.

Figure 4
Experimental Procedure

Treatment group (n = 24)

Pre-test: Academic achievement, learning motivation Stage l
(60 minutes)

Post-test: Academic achievement learning motivation

Control group (n = 24)

MAS-based
motivational learning

activities
Q&A
data

SAS-based
motivational learning

activities
Stage 2

(Four weeks)

Stage 3
(60 minutes)

4.3　Measuring Tools
This study adopts a mixed-methods approach combining quantitative and qualitative research 
to comparatively analyze the impact of MAS and SAS on students’ academic achievement, 
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learning motivation, and LID cognitive levels in motivational learning activities. To be 
specific, the measuring tools adopted are stated below.

First, the academic achievement test. The test includes 10 questions, evaluating students’ 
academic achievement from the dimensions of literal comprehension, reasoning, evaluation, 
and application. The literal comprehension questions test the ability of students to directly 
understand the literal meaning of the text, while reasoning refers to the ability of students 
to analyze the connotation of the text through inference. The evaluation questions examine 
whether students are able to evaluate and judge the text, and the application questions test 
whether the students can apply the knowledge to other situations. All test questions are open-
ended, with a total of 100 points, including 35 points for the literal comprehension dimension, 
30 points for the reasoning dimension, 25 points for the evaluation dimension, and 10 points 
for the application dimension. Three teachers with rich teaching experience conduct the 
double-blind evaluation of the test in this study. The intraclass correlation coefficient of the 
scores is 0.86, indicating high consistency of evaluation among the three teachers.

Second, the learning motivation questionnaire. The questionnaire includes six questions, 
and its design refers to a previous study conducted by Lin et al. (2021) with slight 
modifications for the sentences according to the specifics of this study, such as “It is the most 
satisfying thing for me to get a good grade in this course.” The questionnaire adopts a five-
point Likert scale (the lowest score is set as 1, and the highest score is set as 5). High scores 
indicate strong motivation. The Cronbach’s α value of the questionnaire is 0.85, indicating a 
high level of consistency.

Third, the coding scheme for LID cognitive levels. The Q&A data of students in learning 
activities are recorded through the system platform. The experimental design stipulates that 
students independently complete their answers based on agent feedback. During the data 
analysis phase, answers from students are screened, and responses that are likely directly 
copied from the agent output are annotated and excluded from the final analysis to ensure 
the authenticity and reliability of the research results. Focusing on the data, this study refers 
to the structure of observed learning outcomes (SOLO) taxonomy (Biggs & Collis, 2014) 
to categorize cognitive levels of thinking sequentially from simple to complex into pre-
structural (PS), uni-structural (US), multi-structural (MS), relational structural (RS), and 
extended abstract structural (AS). The data are manually coded by three researchers based 
on the coding scheme, and a consistency comparison is performed. The evaluation reliability 
Kappa value is 0.89, indicating a high degree of consistency among the evaluations made by 
the three researchers.

5　Results
5.1　Academic Achievement
This study treats the pre-test of academic achievement of students as the covariate and the 
post-test as the dependent variable, employing a one-way analysis of covariance (ANCOVA) 
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to investigate the differences in academic achievement between the two groups of students. 
The analysis results indicate that the two groups of students exhibit significant differences in 
overall academic achievement (F = 12.842, p < 0.001, ƞ2 = 0.234), reasoning (F = 13.938, p < 
0.001, ƞ2 = 0.249), evaluation (F = 16.026, p < 0.001, ƞ2 = 0.276), and application (F = 7.412, 
p < 0.001, ƞ2 = 0.150) dimensions, whereas no significant difference is observed in the literal 
dimension (see Table 2). The results indicate that MAS-based motivational learning activities 
significantly improve students’ academic achievement.

Table 2
One-Way ANCOVA of Academic Achievement

Variable Group n M SD Adjusted M SE F η2

Overall 
achievement

Treatment group 24 73.46 3.99 73.77 0.35 12.841*** 0.234

Control group 24 72.25 3.78 71.94 0.35

Literal 
comprehension

Treatment group 24 28.46 2.48 28.86 0.23 0.016 0.000

Control group 24 29.21 1.74 28.81 0.23

Reasoning Treatment group 24 21.67 1.01 21.59 0.11 13.938*** 0.249

Control group 24 20.92 1.10 20.98 0.11

Evaluation Treatment group 24 15.63 1.21 15.67 0.12 16.026*** 0.276

Control group 24 15.00 1.25 14.96 0.12

Application Treatment group 24 7.71 0.46 7.65 0.11 7.412** 0.150

Control group 24 7.13 0.61 7.18 0.11

*** p < 0.001, ** p < 0.01.

5.2　Learning Motivation
This study selects the pre-test of students’ learning motivation as the covariate and the post-
test as the dependent variable, utilizing a one-way ANCOVA to investigate the differences 
in learning motivation between the two groups of students. The results reflect a significant 
difference in learning motivation between the two groups of students (F = 15.557, p < 0.001, 
ƞ2 = 0.257) (see Table 3). This finding indicates that MAS-based motivational learning 
activities are more conducive to stimulating students’ learning motivation.

Table 3
One-Way ANCOVA of Learning Motivation

Group n M SD Adjusted M SE F η2

Treatment group 24 3.72 0.23 3.69 0.05 15.557*** 0.257

Control group 24 3.35 0.30 3.38 0.05

*** p < 0.001.
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5.3　LID Cognitive Levels
This study codes the cognitive levels of the two groups of students based on the five 
dimensions of the SOLO taxonomy, and the results are presented in Table 4. The researchers 
record a total of 146 codes. The treatment group (RS = 45%; AS = 14%) exhibits a higher 
frequency in LID levels than the control group (RS = 16%; AS = 3%), while the control group 
(US = 32%; MS = 49%) shows a higher frequency in surface learning levels compared to the 
treatment group (US = 6%; MS = 35%). The results indicate that MAS-based motivational 
learning activities are more conducive to improving the LID of students.

Table 4
Frequencies of Each Cognitive Level for Two Groups of Students

Dimension Code Treatment group Control group

n Proportion n Proportion

Surface learning PS 0 0% 0 0%

US 4 6% 24 32%

MS 25 35% 37 49%

LID RS 32 45% 12 16%

AS 10 14% 2 3%

To further investigate the impact of MAS-based motivational learning activities on 
students’ LID cognitive levels, this study conducts an ENA. The results are shown in Figure 
5. Notably, Figure 5(a) displays the cognitive networks of the students in the treatment and 
control groups. Specifically, the cognitive networks of the students in the treatment group 
are represented by red dots, whereas those of the control group are indicated by blue dots. 
Additionally, the red square in Figure 5(b) represents the centroid of the cognitive network for 
the treatment group distributed on the right side of the coordinate axis. Most dots on the right 
side are related to LID (RS and AS), indicating that the students in the treatment group are 
mostly at the LID level. The blue square represents the centroid of the cognitive network for 
the control group, located on the left side of the coordinate axis. Most dots on the left side are 
associated with surface learning (PS, US, and MS), suggesting that the students in the control 
group are primarily at the surface learning level.

Figures 5(c) and 5(d) illustrate the cognitive networks of the treatment group and the 
control group, respectively. It is found that the blue lines (control group) predominantly 
establish more connections within the US, MS, and RS dimensions, whereas the red lines 
(treatment group) primarily formed more connections within the MS, RS, and AS dimensions. 
In addition, this study conducts a t-test to investigate the differences in the cognitive networks 
between the two groups of students (see Table 5). The results on the X-axis indicate a 
significant difference in the centroids of the cognitive networks between the two groups of 
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Figure 5
ENA Results of Q&A Data between the Two Groups of Students
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students (t = −6.43, p < 0.001, d = 1.86). By analyzing the above results, this study concludes 
that compared with the control group, the cognitive level of the students in the treatment 
group during the learning process appears to be more LID-inclined.

Table 5
T-test for Comparing Cognitive Networks between the Two Groups of Students

Group n X-axis Y-axis

M SD t d M SD t d

Treatment group 24 −0.30 0.28 0.00 0.27

Control group 24 0.30 0.36 −6.43*** 1.86 0.00 0.42 0.00 0.00

*** p < 0.001.
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6　Discussions
In terms of academic achievement, the scores of the students in the treatment group in the 
overall, reasoning, evaluation, and application dimensions are significantly higher than 
those of the control group. The research finding demonstrates that MAS-based motivational 
learning activities are more conducive to facilitating the profound comprehension of learning 
topics and materials, thereby enhancing academic achievement. The finding aligns with the 
conclusion of Zhai et al. (2024), indicating that the interaction and collaboration among 
multiple agents provide more diverse perspectives for learning processes of students, facilitate 
the diversification of issues, and subsequently increase the complexity and depth of learning. 
Additionally, the feedback provided in motivational learning activities is based on the society 
of minds of the MAS, significantly enhancing accuracy and comprehensiveness, thereby 
reducing the misleading effects on students caused by hallucination issues (Du et al., 2024). 
Accordingly, students in the treatment group are more inclined to achieve an accurate and 
profound understanding of the learning content, contributing to their learning performance, 
particularly in higher-order abilities (i.e., reasoning, evaluation, and application). However, 
the two groups of students exhibit no significant difference in their literal comprehension 
scores for the following reasons. First, the participants are college students with a solid 
reading foundation who already possess strong abilities at the foundational cognitive level 
of literal comprehension, explaining why no significant difference was observed in this 
dimension. In addition, the literal comprehension task is executed at a lower cognitive level, 
where the support of SAS is already able to effectively meet the needs of the students to 
complete the task. In contrast, the advantages of the MAS are primarily reflected in higher-
order learning tasks, leading to the fact that its significant advantages are not demonstrated in 
foundational tasks.

Regarding learning motivation, the research results indicate that MAS-based motivational 
learning activities significantly improve students’ learning motivation. It may be attributed 
to several factors as follows. First, compared with SASs, MASs possess a stronger dynamic 
interaction mechanism to form a more vibrant learning environment (Zhai et al., 2024). 
Second, by simulating teacher‒student interactions in real classrooms, students feel as if they 
are conversing with real humans rather than cold machines, encouraging them to actively 
participate in the communication process of MASs for brainstorming. Additionally, this study 
adopts the ARCS model of motivation as an instructional framework to integrate motivational 
strategies into all aspects of teaching, exerting the integrated advantages of both technical 
support and instructional design to stimulate students’ learning motivation. A large number 
of studies have also indicated that utilizing the ARCS model of motivation as an instructional 
framework to guide technology-supported learning environments facilitates the maintenance 
and stimulation of momentum for continuous learning (Chang & Hwang, 2024; Li et al., 
2023). However, it is worth noting that students in the MAS group might exhibit higher 
learning motivation in the short term due to the novelty of the tool, and the novelty effect has 
been reported in relevant literature (Deng et al., 2025). Although the experimental results 
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demonstrate that the motivation enhancement of students in the MAS group is significant, 
whether the phenomenon persists over a long period remains to be further investigated.

In terms of LID, MAS-based motivational learning activities contribute to enhancing the 
LID cognitive level, specifically demonstrated by improving their ability to associate and 
apply learned content in real-life situations, and strengthening their capacity for abstract 
generalization of the learning content. This study finds that the cognitive network of the 
treatment group (mainly among MS, RS, and AS) appears to be more similar to the LID 
mode than the cognitive network of the control group (mainly among US, MS, and RS). The 
conclusion can be explained by the practice principles of deep reading, indicating that LID 
guided by the symbiosis theory emphasizes relevance, process, generation, and mutuality (Mei, 
2022). In this regard, the MAS provides robust support for the application of the principles 
in teaching practice. In terms of relevance, the MAS designs rich learning activities by 
simulating interactions between students and teachers, peers, and real life. It assists students 
in understanding the text and facilitates them in applying the acquired knowledge to real-life 
situations, thereby deepening their comprehension of the text. Regarding the process, MAS-
based motivational learning activities focus on reflective task design. They employ methods 
such as questioning, interactive discussions, and personalized feedback to guide students 
to continuously examine their thinking processes during the learning process, provoking 
deeper reflection and internalizing knowledge. Furthermore, in terms of generation, the MAS 
constructs a more motivating learning environment with greater openness, where students 
are encouraged to interact and collaborate with the MAS and interpret textual content from 
diverse perspectives so as to facilitate them in generating innovative insights into the learned 
content. Regarding mutuality, MAS-based learning activities avoid providing students with 
direct standard answers. Instead, guided by the ARCS model of motivation as an instructional 
framework, they encourage and guide students to engage in communication with openness 
with the MAS, fostering the exchange of ideas during interactions. The process stimulates 
mutual inspiration, activates their thinking, contributes to knowledge construction and 
cognitive development, and achieves LID.

Furthermore, in combination with cognitive load theory, this study investigates the role 
of MAS functions in the learning process in greater detail. The heterogeneous roleplaying 
function increases the intrinsic complexity of tasks by providing diverse perspectives and 
complex situations. The intrinsic load requires students to integrate diverse information, 
thereby facilitating the construction of a more comprehensive and systematic cognitive 
structure. The deep questioning function stimulates active processing of students in 
knowledge construction and transfers learning by designing more challenging questions. The 
process presumably increases germane load, further reinforcing their in-depth understanding 
of the learning content and their application abilities. The real-time correction function 
assistes students in rapidly identifying and adjusting cognitive biases through accurate 
dynamic feedback while reducing the interference of extraneous load, enabling students to 
focus more on core tasks and efficiently accomplish learning objectives. The synergistic effect 
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of MAS functions provides balanced cognitive support for the learning processes of students 
by moderately increasing intrinsic load, enhancing germane load, and reducing extraneous 
load, effectively contributing to the development of higher-order cognitive abilities.

7　Conclusions
By integrating LLM-based agents with the ARCS model of motivation, this study designs 
motivational learning activities based on SASs and MASs to support the LID of students. The 
experimental results indicate that compared with SAS-based motivational learning activities, 
MAS-based motivational learning activities are more conducive to improving the academic 
achievement and motivation of students. In addition, the ENA results further confirm its 
effectiveness in facilitating the LID of students. Previous studies have indicated the potential 
of MASs in education. However, there have been no attempts to integrate MASs with 
effective instructional strategies (i.e., the ARCS model of motivation) to facilitate the LID of 
students. The results of this study present a novel attempt conducive to inspiring researchers 
and teachers to adopt MASs for relevant research and instructional design in the future.

However, it is necessary to clarify several limitations of this study. First, the instructional 
duration is relatively short, given that the enhancement of LID competence is typically a 
long-term process. Therefore, the short-term experiment may fail to fully reflect the long-term 
effects of MAS instruction. Second, the sample size of this study is small, therefore limiting 
the generalizability of the conclusions, necessitating larger sample sizes in future studies to 
verify the research results. Additionally, the activity design of MASs may generate a novelty 
effect due to the richness of interaction forms. This implies that the interest of students in 
novel tools may enhance learning motivation and performance in the short term. Nevertheless, 
the effect is insignificant in the short-term research since students already possessed prior 
experience using agents. Particularly in certain task scenarios, multiple agents complete tasks 
collaboratively through internal cooperation, with feedback ultimately provided by a single 
agent. The approach is similar to the interaction mode of the SAS, resulting in the possibility 
that the experiences of students do not differ significantly from their feelings of using an 
SAS. However, it should be noted that long-term research on the novelty effect of SAS and 
MAS remains lacking. Therefore, it is recommended that future research be conducted to 
extend the experimental period or repeat experiments, aiming to eliminate the influence of the 
novelty effect and investigate the relationship between interaction complexity and learning 
outcomes. Future research is suggested to employ delayed post-tests to evaluate the long-
term learning effects of MAS instruction and introduce validation methods, such as cross-
task transfer measurement and external task performance, to verify the applicability of MAS 
instruction in different task situations and its broad application value in facilitating LID. 
Finally, future research is advised to conduct comparative analyses of students from different 
grades, disciplines, and cognitive styles, so as to better unleash the potential of MASs as tools 
in assisting in the learning processes of students.
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