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Abstract

Adaptive learning, also known as adaptive teaching, relies
on learning path recommendations that sequentially suggest
personalized learning items (such as lectures and exercises)
to meet the unique needs of each learner. Despite the ex-
tensive research in this field, previous approaches have pri-
marily modeled the interaction sequences between learners
and items using simple indexing, leading to three issues:
(1) The utilization of information from both learners and
items is not sufficient. For instance, these models are un-
able to leverage the semantic information contained within
the textual content of the items. (2) Models need to be re-
trained on different datasets separately, which makes it dif-
ficult to adapt to the continuously expanding item pool in
online educational scenarios. (3) The existing recommenda-
tion paradigm based on trained reinforcement learning frame-
works, suffers from unstable recommendation performance
in sparse learning logs. To address these challenges, we pro-
pose a generalized Generative Agent for Adaptive Learning
(GenAL), which integrates educational tools with LLMs’ se-
mantic understanding to enable effective and generalizable
learning path recommendations across diverse data distribu-
tions. Specifically, our framework consists of two compo-
nents: the Global Thinking Agent, which updates the learner
profile and reflects on recommendation outcomes based on
the learner’s historical learning records. The other is the Local
Teaching Agent, which recommends items using educational
prior knowledge. Leveraging the LLM’s robust semantic un-
derstanding, our framework does not rely on item indexing
but instead extracts relevant information from the textual con-
tent. We evaluated our approach on three real-world datasets,
and the experimental results demonstrate that our GenAL not
only consistently outperforms all baselines but also exhibits
strong generalization ability.

Introduction
Learning serves as a cornerstone for human advance-
ment, allowing individuals to acquire knowledge and skills.
Unlike traditional methods of education (e.g., classroom
courses) that deliver uniform material to all learners, adap-
tive learning focuses on providing personalized learn-
ing items (e.g., exercises) and pathways tailored to each
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learner’s unique needs (Liu et al. 2019), which is gener-
alized researched as the Learning Path Recommendation
(LPR) tasks. Early works employ traditional recommen-
dation algorithms or deep learning-based methods to sug-
gest similar learning paths to comparable users (Elshani and
Nuçi 2021; Nabizadeh et al. 2020a), which is usually lim-
ited under complex and dynamic learning processes. Re-
cent attempts model the LPR task as a dynamic sequential
decision-making problem and learn optimized recommen-
dation strategies using Reinforcement Learning (RL) tech-
niques (Liu et al. 2019; Li et al. 2023b, 2024), which demon-
strated remarkable effectiveness. However, the current pro-
cess of LPR has three aspects of limitations: (1) Coarse-
grained information: The utilization of information from
both learners and items is not sufficient. For instance, these
models are unable to leverage the semantic information con-
tained within the textual content of the items. The text of
the items contains rich, fine-grained semantic information
that implicitly reveals various attributes of the items (e.g.,
the knowledge concepts covered, difficulty level, and cogni-
tive layers being assessed), which are hard to utilize in ex-
isting methods sufficiently. For example, although both ex-
ercises assess the knowledge concept of “linear functions”,
exercise A: “Write the equation of the linear function” fo-
cuses only on the basic concepts, while exercise B:“Given
the linear function y = kx + b with its graph passing through
points A(0, 3) and B(-4, 0). Determine the distance from
the (0,0) to the line AB.” not only examines the concept of
“linear functions” but also assesses the deeper knowledge
of “distance from a point to a line”. While some existing
works utilize knowledge graphs (Liu et al. 2019; Li et al.
2023b; Wu et al. 2024) to assist in recommending learning
paths, they are limited by the size of the knowledge graph
and the granularity of the knowledge concepts, resulting in
less accurate recommendations. (2) Limited generalization
ability: Existing methods rely on training within a specific
scenario (e.g., a standard dataset), resulting in very limited
generalization capabilities. For example, when new scenar-
ios are introduced or a dataset shift occurs, these methods
require retraining, which limits the generalization of these
methods. (3) Performance instability: Several works have
adopted advanced Reinforcement Learning (RL) methods,
which rely on rich interaction sequence for training (Liu
et al. 2019; Li et al. 2023b; Kubotani, Fukuhara, and Mor-
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ishima 2021). However, in real-world online education sce-
narios, interaction data is often sparse, leading to unstable
recommendation results with these methods. For example,
our experimental results show that while existing methods
perform well on datasets with over 90 interact logs per user,
they perform poorly on sparse datasets with only 13 interac-
tions per user, even failing to improve the learners’ cognitive
state at all.

However, an experienced teacher can easily address these
issues. With their extensive knowledge and teaching experi-
ence, teachers can assess a learner’s current knowledge level
from a small number of learners learning content and pro-
vide suitable learning paths during interactions with learn-
ers. Recently, Large Language Models (LLMs), pre-trained
on vast amounts of text data, have demonstrated rich knowl-
edge and powerful planning capabilities (Shi et al. 2024;
Ouyang et al. 2022; Touvron et al. 2023). Inspired by this,
we propose a novel Generative Agent for Adaptive Learning
(GenAL) framework based on LLMs. Specifically, we lever-
age the extensive knowledge of LLMs to evaluate learners’
learning states from both global and local perspectives and
adaptively recommend personalized learning paths accord-
ingly. The framework consists of two main Agents:
• Global Thinking Agent (GTA): This module aims to

integrate learners’ response records and summarize their
overall cognitive habits (e.g., assessing the learner’s learn-
ing abilities and the current stage of learning). It com-
prises three sub-modules:(1) Log Memory: Stores learner
records. (2) Tools: A knowledge tracing model that pro-
vides a reference for learning states. (3) Reflector: Gen-
erates a learner learning profile by combining current re-
sponse records with tool outputs and reflects on the effec-
tiveness of recommended exercises.

• Local Teaching Agent (LTA): This module utilizes the
powerful semantic understanding and analysis capabili-
ties of large language models to analyze items’ content
and provide learning recommendations. It consists of a
large language model-based agent with two modules: (1)
Teaching Tools: Provide educational prior information,
such as knowledge concept graphs, to supplement the
knowledge of large language models. (2) Recommender:
Given the exercise for the next learning steps and pro-
vide reasons based on the learner profile from the Global
Thinking Agent and the current response.

The GTA and LTA collaborate and dynamically recommend
learning paths as interactions with learners progress, achiev-
ing an effective, general, and stable personalized path rec-
ommendation framework based on LLMs. To the best of our
knowledge, we are the first to introduce the large language
model’s knowledge into the learning path recommendation
task, which demonstrates the potential of LLM to empower
the educational applied tasks.

Overall, our contributions are as follows:
• We first introduce a new large-model-based personal-

ized Learning Path Recommendation (LPR) framework
GenAL, which can enhance the learning effect and em-
power the generalization ability of LPR systems by lever-
aging fine-grained semantic analysis of learning content.

• We developed a collaborative mechanism between the
Global Thinking Agent and Local Teaching Agent to en-
sure stable and effective personalized learning path rec-
ommendations in sparse data scenarios, which is hard to
solve in existing methods.

• Experimental results on three real-world datasets demon-
strate the effectiveness of our proposed GenAL.

Related Work
Adaptive Learning
In online education, Learning Path Recommendation (LPR)
stands as a crucial undertaking, which refers to planning
and designing a structured learning path for learners, en-
abling them to systematically and orderly acquire knowl-
edge and skills (Liu et al. 2019; Li et al. 2023b). Researchers
have proposed various methods for the LPR task. The exist-
ing LPR methods can be summarized into two categories
according to the approach of path generation (Chen et al.
2023; Nabizadeh, Mário Jorge, and Paulo Leal 2017): (1)
Complete generation, a complete path of a specified length
is generated and provided to learners at once. (2) Step-by-
step generation, a dynamic path of a varying length is gener-
ated in real-time by considering the feedback from learn-
ers’ interactions at each step with the next item recom-
mended (Liu et al. 2019; Li et al. 2023b). The main dis-
advantage of complete generation is ignoring users’ perfor-
mance and their cognitive changes during the learning pro-
cess, which may lead to users wasting time on inappropri-
ate or unmanageable paths (Nabizadeh et al. 2020b). Due
to its ability to better consider the dynamic interaction be-
tween learners and items, step-by-step based methods are
rapidly gaining prominence. In this branch, the early works
use traditional recommendation algorithms or deep learning-
based methods. Recently, since learning path recommen-
dation can be regarded as a sequential decision-making
problem, some work adopt advanced reinforcement learn-
ing methods, which demonstrate better techniques. How-
ever, these approaches are limited by training the sequences
of learner behaviors, achieving only a coarse level of person-
alization, and suffering from limited generalization ability
and instability. Our GenAL, which is based on text content
and utilizes the well pre-trained LLMs, provides a effective
solution for this problem.

LLM-Empowered Agents and Their Applications
in Education
LLM-empowered generative agents demonstrate remarkable
abilities in perceiving their environment, making decisions,
and taking actions, leading to a surge of research in this
area (Wang et al. 2024; Li et al. 2023a). In education,
these agents have introduced new possibilities. For exam-
ple, (Wu et al. 2023) leveraged chat-optimized LLMs as po-
tent agents, orchestrating multi-agent dialogues to collabo-
ratively tackle complex queries, highlighting the potential of
agents in addressing general questions. In learner simulation
tasks, EduAgent (Xu, Zhang, and Qin 2024) employs LLM-
based agents to replicate learners engaging with PowerPoint
presentations and videos, assessing learner performance by
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predicting quiz results. In educational recommendations, (Li
et al. 2024) utilized factual knowledge from LLMs to de-
velop SKarREC, a concept recommendation model that bet-
ter suggests the next concept for learners. It is important to
note that this study focuses on knowledge concept recom-
mendation, which differs from our task of learning exercise
path recommendation.

Problem Definition
We focus on step-by-step recommendations for session-
based learning paths based on real-time interactions. A
learner’s process typically involves two types of items:
learning items (e.g., knowledge concepts or skills) and ex-
ercise items (e.g., questions). Without loss of generality, we
denote the learning item set as CI = {c1, c2, . . . , ck} and
the exercises item set as EI = {e1, e2, . . .}. Instead of only
using item index in previous work, the ci ∈ CI and ei ∈ EI
consist of item index and item text content. The learner’s
goals are denoted as G = {g1, g2, . . . , gm}, where gi ∈ CI .
The learning process is as follows: before starting, educa-
tional tools test a learner on their goals to obtain an initial
score Es. Simultaneously, based on Large Language Models
(LLMs), the “teacher” assesses the learner’s overall learning
ability and preferences from their response records to build
a learner profile, denoted as Lt, where t means time steps.

Learning is divided into several stages. In each stage,
the learner studies a specific learning item ci, and at each
step, they are presented with a practice item eji to com-
prehend ci. Feedback answerji ∈ {0, 1} is provided after
practice, where 1 indicates mastery of the item and 0 indi-
cates otherwise. All item-feedback pairs construct the his-
torical learning record, denoted as H = (e, answer). Af-
ter time t, (et, answert) is added to the historical record,
i.e., Ht = Ht−1 ∪ (et, answert). Finally, a learning path
is generated step-by-step as P = {e1, e2, . . . , ep}, where
ei ∈ EI , aligning with previous works. After completing the
entire learning path, a final test using educational tools (e.g.,
knowledge tracing models) is taken on the learning goals to
obtain a final score Ee, allowing us to calculate learning ef-
fectiveness Ep:

Ep =
Ee − Es

Esup − Es
, (1)

where Esup is the full score of the examination, equal to the
number of learning goals. Our goal is to maximize Ep by
providing an effective learning path.

Framework
As shown in Figure 1, our framework consists of two main
components: the Global Thinking Agent (GTA) and the
Local Teaching Agent (LTA). Both intelligences are built
based on LLM, aiming to utilize LLM’s powerful seman-
tic understanding to mine learners’ learning and interac-
tion content from a textual perspective, which is hard to do
with existing methods. In particular, we have the two intelli-
gences collaborate for comprehensive and effective path rec-
ommendations from a global and local perspective, respec-
tively. In this section, we provide a detailed description of
our design.

Global Thinking Agent (GTA)
The Global Thinking Agent (GTA) stores learners’ learning
records and summarizes their learning abilities and prefer-
ences, providing prior knowledge for the teaching process
to recommend more efficient learning paths in limited ini-
tial information, and addressing the shortcomings of exist-
ing methods. Specifically, the GTA consists of three com-
ponents: Log Memory, Educational Tools, and Reflector.
First, the learner’s history response records, including ex-
ercise text and knowledge concept content, are stored in the
Log Memory. Then, educational tools such as cognitive di-
agnosis models (Wang et al. 2023; Yao et al. 2023, 2024;
Zhang et al. 2024) or knowledge tracing models (Piech et al.
2015; Liu et al. 2021; Yang et al. 2024; Yu et al. 2024b,a)
can assess the learner’s mastery of current knowledge based
on the sequence of these records, effectively quantifying the
learner’s learning abilities. The Reflector, built on a large
language model (LLM), summarizes the learner’s profile,
including abilities (e.g., proficiency in a specific knowledge
concept) and learning preferences (e.g., the learner performs
better on real-world context questions or abstract questions)
based on the response records and tool outputs, storing this
information in the corresponding memory. What’s more, the
reflector will rethink the efficiency of the current learning
path, which is similar to the “backward update” in the neu-
ral network models training process. Next, we introduce the
details of each component.

Log Memory. The Log is designed to store the learn-
ing history, including H, and the feedback from the Local
Teaching Agent, i.e., the reason for the recommended ques-
tion and the prediction of the learner’s answer. Specifically,
the data in time(step) t of the Log memoryMG

t can be pre-
sented as follow:

MG
t ← Ht ∪ (Ft+1, At+1), (2)

where the (Ft+1, At+1) note as one of the outputs of the LTA
that given the current recommended question’s explanation
and the prediction of the answer. The information inMG

t is
used to generate the profile of the learner in the following
Reflector module.

Educational Tools. Accurate learner profiles are crucial
for any Adaptive Learning (AL) system. Unlike commod-
ity recommendation profiles, AL profiles focus on track-
ing learners’ knowledge proficiency, which is not directly
observable. To address this, prior works have developed
Knowledge tracing (KT), a popular approach, using machine
learning to estimate learners’ proficiency by predicting the
correctness of their next question. These educational tools
provide valuable references for constructing learner profiles.
Specifically, our framework integrates pre-trained models of
Deep Knowledge Tracing, referred to as DKT, to predict the
learner’s mastery of learning goal items. For each knowl-
edge concept ci, the learner’s mastery of this knowledge
point can be represented as follows:

Eci
t = AVG(DKT(Ei,Ht)). (3)

where AVG denotes the average of the predicted values for
all practice items in Ei.
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Figure 1: An overview of our GenAL. Our framework consists of two Agents: (1) Global Thinking Agent, which aims to
update profiles and recommended strategies from learners’ history records. (2) Local Teaching Agent, which is used to select
the most suitable exercise (et+1) based on the specific answer records (et, at) and prior knowledge with the Teaching tools.
Additionally, we asked for explanations (Ft+1) and predictions of the learner’s response (At+1).

Reflector. Based on the learner’s response records from
the Log Memory and knowledge state analysis provided by
the Educational Tools, we designed a Reflector using LLM.
The Reflector leverages the rich knowledge embedded in
the LLM, acting as an “experienced teacher” to comprehen-
sively evaluate the learner’s learning ability and reflect on
and adjust the currently recommended learning path. Specif-
ically, the Reflector comprises two subtasks:
• Generate the learner’s learning profile based on the

learner’s response records, including learning ability and
learning preferences. At time t, the learner’s profile Lt can
be note as:

Lt ∼ LLM(PL,Ht, E
ci
t ), (4)

where l is the index number of the current learner, Dt is
the historical questions’ difficulty before t time steps, and
PL is the prompt to generate the summaries. The memory
in Reflector can be updated by:

MR
t ← Lt. (5)

• Reflect on the efficiency and rationality of past recom-
mendations by comparing the learner’s actual responses
with the predicted responses, considering the reasons pro-
vided during the recommendation of items. This step is
similar to the gradient backpropagation process in neural
network training, which is used to update the model pa-
rameters. At time t, the reflection Rt generation process

can be formulated as:

Rt ∼ LLM(PR,MR
t ,MG

t , E
ci
t ), (6)

where PR notes the prompt for LLM to generate the re-
flection. Then, Rt is passed to the Local Teaching Agent
to update the recommendation strategy.

Local Teaching Agent (LTA)
While the Global Thinking Agent (GTA) provides recom-
mendations from a macro perspective on the learner’s over-
all learning ability, the Local Teaching Agent (LTA) lever-
ages the powerful semantic understanding and analysis ca-
pabilities of large language models to analyze learners’ spe-
cific responses and offer subsequent learning suggestions.
Specifically, the LTA consists of two modules: Teaching
Tools and Recommender. We introduce details as follows.

Teaching Tools. LTA aims to retrieve the most suitable
next question et+1 from the question bank, tailored to the
learner’s target knowledge point, by leveraging all existing
information from the GTA and LTA. In this task, we need
to employ educational prior knowledge to narrow the search
space. What’s more, although language models have been
shown to have a strong knowledge, LLM also has shortcom-
ings in specific domains and often generates hallucinatory
(Zhang et al. 2023). Therefore, it is necessary to introduce
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external knowledge to guide and assist LLM in generating
decisions (Lewis et al. 2020; Chen et al. 2024). Based on
the above analysis, we design the Teaching tools to provide
domain knowledge for help. Specifically, we utilize a hierar-
chical knowledge graph G to limit the retrieval scope to the
current knowledge concept and its immediate predecessor
nodes. The exercises associated with this knowledge form
the candidate exercises set St ⊆ EI for recommendation.

Recommender. Recommender is a decision-making mod-
ule designed to recommend exercises for the learner to more
effectively master a specific knowledge concept. Specifi-
cally, the Planner is implemented as a frozen LLM instance
equipped with a memory repository MD

t , which stores rec-
ommendation strategies Rt, from the GTA, and relevant ex-
ternal knowledge before time t:

MD
t ← (Rt, St). (7)

Now, we can utilize LLM to predict the next exercise item
et+1 = (index, content):

et+1 ∼ LLM(PE,MD
t ), (8)

where PE notes the prompt for LLM. While recommend-
ing the next question, we expect the “teacher” to provide
the rationale behind the recommendation (note as Ft+1) and
to predict the learner’s response (note as At+1) to the rec-
ommended question based on their current status. This al-
lows for subsequent comparison with the learner’s actual re-
sponse, enabling reflection and updating of the recommen-
dation method. This process can be formalized as:

(Ft+1, At+1) ∼ LLM(PF,MD
t , et+1), (9)

where PF notes the prompt. This information will be sent
to GTA to update the Log memory, which is used to reflect
whether the current recommendation is correct and efficient.

Experiment
Dataset
Our experiments are performed on three real-world datasets:
Junyi1 and ASSIST092 and we collect a dataset with ques-
tion text content details from the real-world scenarios, note
as TextLog. All datasets contain learners’ learning log data
and the knowledge concept name for all exercises. For the
Junyi dataset, we use the “topic” field as learning items,
which are commonly used in education and we use the
“name (Exercise name)” as the text content of exercises. For
the ASSIST09 dataset, the “skill name” field is used to rep-
resent learning items. Due to ASSIST09 not having direct
information about exercises, we use the information from
some fields of provided data, such as “the response time”
and “original (Main/Scaffolding Problem)” etc. to represent
the exercises. In addition, the TextLog dataset contains the
text content for each practice item. We construct the knowl-
edge transition graph following (Gao et al. 2021) for all three
datasets. The statistics of datasets can be found in Table 1.

1https://pslcdatashop.web.cmu.edu/DatasetInfo?datasetId=1198
2https://sites.google.com/site/assistmentsdata/home/

Statistics Junyi ASSIST09 TextLog

Knowledge Concepts 36 97 698
Exercises 711 16,836 8021
Learners 245,511 4,092 127,610

Response records 25,367,573 397,235 1,680,886
Records / Learners 1034 97 13

Table 1: Statistics of datasets.

Simulators
A critical challenge in evaluation is that existing realistic
datasets only provide static information, making it difficult
to assess whether practice items not presented in a sequence
can be answered correctly (Huang et al. 2019). As a result,
these datasets are not suitable for evaluating learning paths.
To address this, we follow prior works (Liu et al. 2019; Chen
et al. 2023) and employ a Knowledge Evolution-based Sim-
ulator (KES) as introduced in (Liu et al. 2019). KES is a
data-driven system that utilizes the DKT model (Piech et al.
2015) to simulate the dynamic changes in learners’ knowl-
edge states. Initial logs from these datasets are used to sim-
ulate the learner’s starting state (Li et al. 2023b).

Baselines
In the Learning Path Recommendation (LPR) task, we com-
pare our approach against existing methods as baselines. It is
important to note that all these baseline models only use the
sequence of question(or knowledge concept) IDs by learners
while ignoring the textual information of the questions and
knowledge concepts. Consistent with prior studies (Li et al.
2023b), we use the improvement Ep (Eq. 1) provided by the
simulators to evaluate following methods:

• KNN: KNN (Cover and Hart 1967) identifies similar
learners based on their learning paths and determines the
next learning item for a new learner by referencing the
paths of the closest identified learners.

• GRU4Rec: GRU4Rec (Hidasi et al. 2015) is a well-known
model that takes the session sequence as input and gener-
ates a probability distribution predicting the learning items
most likely to appear next.

• DQN: DQN (Chen et al. 2018) uses a neural network to
evaluate action values and recommends the action with the
highest value.

• Actor-Critic: This approach uses a GRU encoder within
a standard actor-critic framework (Konda and Tsitsiklis
1999) to provide recommendations.

• CB: Contextual Bandits (Intayoad, Kamyod, and Temdee
2020) frames the learning path recommendation process
as a contextual bandit problem.

• RLTutor: RLTutor (Kubotani, Fukuhara, and Morishima
2021) is an adaptive tutoring system that integrates
a model-based reinforcement learning approach with
DAS3H (Dwivedi, Kant, and Bharadwaj 2018) for recom-
mending learning items.
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Junyi ASSIST09 TextLog

KNN 0.1343 -0.0932 0.0085
GRU4Rec 0.0993 -0.1344 -0.0002
DQN 0.1536 -0.0267 -
Actor-Critic 0.1916 0.0676 -
CB 0.2098 0.0038 -
RLTutor -0.1034 0.0784 -
CSEAL 0.2505 0.1009 -
GEHRL 0.4206 0.1971 -

GenAL 0.5692 0.3665 0.3804

Table 2: Performance comparison for learning path recom-
mendation methods at 20 learning steps. Existing state-of-
the-art results are underlined and the best results are bold.
Our GenAL is compared with the SOTA GEHRL. It should
be noted that “-” in the table indicates that the method can-
not achieve absolute promotion and meet the learning goals.

• CSEAL: CSEAL (Liu et al. 2019) utilizes an actor-critic
framework with cognitive navigation for learning path rec-
ommendation.

• GEHRL: GEHRL (Li et al. 2023b) enables efficient goal
planning and achievement through Hierarchical Rein-
forcement Learning, with the GEHRL-EB variant used for
comparison due to its superior performance.

Implemetation Details
In our framework, we employ three LLM-based models for
testing: Llama2-7B, Llama3-8B, and the GPT-3.5-turbo pro-
vided by OpenAI. The temperature parameter is set to 0.9.
The dataset divided method is following (Liu et al. 2019).
In particular, our GenAL uses the training dataset to train
the simulator and initial the learner’s profile. Then we use
the test dataset to achieve inference. Our code is available at
https://github.com/karin0018/GenAL.

Main Results
Table 2 presents the average Ep values of all models across
the three datasets, and the learning step is 20. The results
reveal several important insights.

• Promotion Comparison: Our proposed method outper-
forms all existing baselines across the three datasets.
This demonstrates the importance and necessity of ana-
lyzing data text in the task of learning path recommen-
dation. Additionally, it highlights the potential of large
language models in learning path recommendation tasks.
Most methods perform best on the Junyi dataset because it
involves fewer knowledge concepts and a smaller number
of exercises, which reduces the model’s selection space.

• Generalization Performance: Our method does not rely
on training with a specific dataset, allowing it to general-
ize to new data distributions after a small amount of initial
data is used for setup. For example, while existing meth-
ods can only be trained and tested on the same dataset, our

𝑬
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Figure 2: Results of ablation experiments on all datasets.

approach requires no retraining and can be transferred to
different datasets while maintaining effective recommen-
dation performance. It should be clear that negative val-
ues in Junyi and ASSIST09 are due to the presence of a
large number of items in these simulators, some of which
never occurred in the training data. This can lead to un-
stable predictions by the KT model, resulting in negative
rewards (Li et al. 2023b).

• Stability Analysis: Although reinforcement learning-
based methods like CSEAL and GEHRL perform well
in scenarios with abundant interaction data—thanks to in-
teractive feedback and sufficient long-term cumulative re-
wards—they fail when interaction data is sparse, such as
in the TextLog dataset, where students have an average
of only 13 records. These methods struggle to train effec-
tively and cannot recommend learning paths during test-
ing. Our proposed GenAL, a content-based recommen-
dation framework, is unaffected by sparse data. GenAL
leverages the rich subject knowledge and reasoning abili-
ties of large language models to model students’ learning
abilities and content from minimal initial data, enabling
adaptive learning path generation.

Ablation Study
Impact of different modules. We conducted ablation ex-
periments on the key modules of GenAL, and the results are
shown in Figure 2, which presents the Ep scores across three
datasets when the learning steps are set to 5, and the LLM
is using GPT-3.5-turbo. “w/o Text” indicates that we only
use the item ID during recommendation process, instead
of text content for all items (including knowledge concepts
and exercises); “w/o EduTools” notes we drop the Educa-
tional Tools module, which means we are unable to obtain
prior knowledge through additional educational tools, such
as the relationships between knowledge concepts. “w/o Re-
flection” indicates that we do not update the recommenda-
tion strategy or the student’s profile during the learning path
recommendation process. The experimental results show a
significant performance decrease when text information is
not utilized in our framework, highlighting the importance
of textual content. Additionally, the prior knowledge pro-

582



-0.2

-0.1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

3 5 7 9 11 13 15 17 19 21

Junyi

Lengths

𝑬
𝒑

-0.2

-0.1

0

0.1

0.2

0.3

0.4

3 5 7 9 11 13 15 17 19 21

ASSIST09

GRU4Rec RLTutor CSEAL GEHRL GenAL

𝑬
𝒑

𝑬
𝒑

Lengths Lengths

-0.2

-0.1

0

0.1

0.2

0.3

0.4

0.5

3 5 7 9 11 13 15 17 19 21

TextLog

Figure 3: Impact of different lengths on three datasets with representative baseline models and our GenAL. It should be noted
that the baseline models failed to achieve the learning goals in TextLog, so we present their results as 0.00.

Steps 5 Steps 10 Steps 20 Steps

Llama2-7b 0.2235±0.046 0.2517±0.057 0.3591±0.007
Llama3-8b 0.2720±0.047 0.3262±0.028 0.3731±0.009
GPT-3.5-turbo 0.2917±0.012 0.3363±0.017 0.3804±0.011

Table 3: Robustness estimation across different LLMs for
TextLog dataset. ± means standard deviation.

vided by Educational Tools is also crucial, demonstrating
that relying solely on the internal knowledge of the large
language model is insufficient; supplementary knowledge is
necessary to assist the model in making decisions. Further-
more, since learners’ abilities are constantly evolving, the
recommendation effectiveness declines when the model no
longer dynamically updates the recommendation strategy.

Impact of different path lengths. Figure 3 shows the per-
formance of paths of various lengths generated by different
models across three datasets. We compare several represen-
tative baseline models with our GenAL. The results demon-
strate that our method consistently outperforms the baselines
in various scenarios, further validating its effectiveness. As
the number of learning steps increases, most methods show
improved outcomes with longer paths, which aligns with ed-
ucational intuition. In datasets with sufficient training data
(e.g., Junyi and ASSIST09), reinforcement learning-based
methods like CSEAL and GEHRL perform competitively,
while RLTutor starts to show instability. Probabilistic meth-
ods like GRU4Rec prove less effective. The RL-based meth-
ods rely on abundant data and fail to converge on the sparse
TextLog dataset, making it impossible to reach learning ob-
jectives during testing (i.e., they fail to run), so we report
their results as 0.00. In contrast, our GenAL consistently
performs well on TextLog.

Effects of Different LLMs
To validate the robustness of the GenAL framework across
various base models, we conduct additional experiments
with other different LLM backbones: “Llama-2-7B” and

“Llama-3-8B”. The results are presented in Table 3, which
shows that our GenAL framework performs well across dif-
ferent LLMs, demonstrating its robustness. Additionally, we
repeated the experiments three times under the setting of
temperature = 0.9 and calculated their standard variance.
The results indicate that the performance of LLMs is stable
within our framework. The recommendation effectiveness of
the “Llama-3-8B” and “GPT-3.5-turbo” models outperform
the “Llama-2-7B”, indicating a positive correlation between
our framework’s performance and the knowledge embedded
in the large language models.

Conclusion

In this paper, we presented a focused study on adaptive
learning, which aimed to recommend personalized learn-
ing items to meet the unique needs of each learner. Build-
ing upon the powerful semantic understanding of LLMs,
we introduced a generalized Generative Agent for Adap-
tive Learning (GenAL), which integrated educational tools
to facilitate effective and adaptable learning path recommen-
dations across diverse data distributions. Specifically, our
GenAL comprised two components: the Global Thinking
Agent and the Local Teaching Agent. The former was de-
signed to update the learner profile and evaluate recommen-
dation outcomes based on the learner’s historical learning,
while the latter was tasked with suggesting items using prior
educational knowledge.

Limitation and Futureworks: Our work is an initial at-
tempt to apply large language models in adaptive learning.
The main limitations lie in the inference cost and inefficient
use of external knowledge, and the hallucinations still ex-
ist in our framework, even with external knowledge, which
also is a common issue with LLMs. Nevertheless, our work
demonstrates the potential of LLMs in addressing complex
problems in the educational domain. In the future, we plan
to explore further applications, such as using LLMs to help
students overcome specific challenges encountered during
their learning process dynamically.
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