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Abstract

Knowledge Tracing (KT) diagnoses students’ concept mas-
tery through continuous learning state monitoring in educa-
tion. Existing methods primarily focus on studying behav-
ioral sequences based on ID or textual information. While
existing methods rely on ID-based sequences or shallow tex-
tual features, they often fail to capture (1) the hierarchical
evolution of cognitive states and (2) individualized prob-
lem difficulty perception due to limited semantic modeling.
Therefore, this paper proposes a Large Language Model
Hyperbolic Aligned Knowledge Tracing(L-HAKT). First,
the teacher agent deeply parses question semantics and ex-
plicitly constructs hierarchical dependencies of knowledge
points; the student agent simulates learning behaviors to gen-
erate synthetic data. Then, contrastive learning is performed
between synthetic and real data in hyperbolic space to reduce
distribution differences in key features such as question dif-
ficulty and forgetting patterns. Finally, by optimizing hyper-
bolic curvature, we explicitly model the tree-like hierarchical
structure of knowledge points, precisely characterizing dif-
ferences in learning curve morphology for knowledge points
at different levels. Extensive experiments on four real-world
educational datasets validate the effectiveness of our Large
Language Model Hyperbolic Aligned Knowledge Tracing (L-
HAKT) framework.

Introduction
Knowledge Tracing (KT) (Abdelrahman, Wang, and Nunes
2023)is a key technique in educational intelligence for track-
ing student knowledge states based on historical behav-
iors. It enables personalized instruction by assessing mas-
tery levels (Yin et al. 2023; Jones and Jo 2004). Existing
methods are mainly divided into two categories: Sequence-
centric approaches model student interactions as temporal
processes (Pandey and Karypis 2019; Piech et al. 2015a),
capturing learning dynamics through patterns in response
sequences. Graph-centric approaches, in contrast, encode
structural relationships among concepts, leveraging graph
neural networks to model dependencies.
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Figure 1: The bar chart labels H-all, H-ek, H-e, and
H-k denote hyperbolicity measures for student-question-
knowledge, question-knowledge, question-question, and
knowledge-knowledge relationships, respectively. Lower
values indicate stronger structural alignment with tree-like
or hyperbolic space characteristics.

However, the existing methods rely on simple structured
information and fail to fully exploit the rich semantics of
questions (Mislove et al. 2007)1, making it difficult to cap-
ture the hierarchical dynamics of students’ cognitive states.
As shown in Figure 1: (1) Traditional methods model in Eu-
clidean space (Nickel and Kiela 2017), where the flat ge-
ometric structure cannot express the tree-like hierarchical
properties of knowledge systems. (2) The implicit topologi-
cal relationships between knowledge concepts in the prob-
lem semantics have not been effectively captured (Piech
et al. 2015b), resulting in the connections between the ques-
tions of related concepts not being well utilized. (3) The
degree of individual mastery distorts the difficulty of the
practice (Lee et al. 2022; Chen et al. 2024). For instance,
models trained on data from low-performing regions might
wrongly classify moderately complex problems as high-
difficulty ones, while high-performing students might label
most problems as simple ones, which exposes the flaws of
traditional difficulty assessment.

To bridge this gap, we attempt to utilize LLMs to extract
knowledge point concepts (Tan et al. 2021; Tong, Zhou, and
Wang 2020) from the questions to construct a knowledge

1We interchangeably use the terms question and exercise in this
paper.
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graph, thereby modeling the potential correlations among
different questions. It also enables LLMs to simulate human
learning behaviors (Gao et al. 2025; Piech et al. 2015a; Li
et al. 2024), provide objective difficulty information of the
questions, and construct a more accurate dynamic learning
cognitive process.

Despite this, there are still challenges in accurately simu-
lating students’ hierarchical cognition from simple to diffi-
cult:(1) Absence of hierarchical concept representation: The
implicit hierarchical associations among knowledge points
need to be modeled. For instance, the basic definition will
gradually evolve into different inferences. Therefore, it is
necessary to establish the hierarchical relationship of knowl-
edge points to depict the learning trajectory of higher-order
knowledge (Fu et al. 2023; Song et al. 2021). (2) Absence
of hierarchical dynamic cognition: Although large models
can simulate human behavior to assess the difficulty of ques-
tions, there are still different levels of understanding biases
among individual students regarding the questions (Park
et al. 2023). Therefore, it is necessary to align the general
cognition of the difficulty level of agents with the dynamic
understanding cognition of individual students.

In light of the above analysis, we propose a Large Lan-
guage Model hyperbolic-aligned knowledge tracing method
named L-HAKT. This method first utilizes the Teacher
Agent to parse the semantic meaning of question texts, ex-
plicitly excavating the contained knowledge point concepts
and their hierarchical dependencies, thereby resolving the
absence of hierarchical representation for knowledge points.
Through the Student Agent simulating individual learning
behaviors, it generates synthetic data to supplement the cog-
nitive process information missing in traditional data. Then,
we design a hyperbolic contrastive alignment mechanism:

Conducting contrastive learning between synthetic data
and real student behavioral data in hyperbolic space to
reduce distributional differences in key features such as
question difficulty and forgetting patterns; Finally, opti-
mizing hyperbolic curvatures explicitly models the inher-
ent tree-like hierarchy of knowledge points. This calibrates
hierarchical-aware alignment between universal question
difficulty perception and individual students’ dynamic cog-
nitive understanding, effectively resolving hierarchical dy-
namic cognitive deviation. Consequently, the model pre-
cisely characterizes learning curve differences across knowl-
edge levels and leverages hyperbolic space’s hierarchical
propagation to sensitively capture mastery leaps in higher-
order knowledge points. The main contributions are as fol-
lows:

• Our work is the first to propose an LLM dual-agent
teacher-student collaborative framework, addressing the
modeling blind spot of ”student thinking paths” in tradi-
tional data.

• We innovatively introduce hyperbolic geometric space,
achieving explicit modeling of knowledge point hierar-
chies through curvature optimization, and precisely char-
acterizing learning curve morphology differences across
knowledge levels.

• Based on aligned hierarchical data, we design a hyper-

bolic knowledge state tracker that leverages hierarchical
propagation properties to sensitively capture mastery de-
gree in higher-order knowledge points.

Experimental results demonstrate that the proposed L-
HAKT possesses superior effectiveness and indeed en-
hances the capability of KT models in practical inference.

Related Works
Knowlege Tracing
Knowledge Tracing (KT) dynamically infers a student’s
knowledge state evolution by analyzing historical interac-
tions and test data to predict future performance. Exist-
ing approaches bifurcate into two paradigms: (1) Sequence
Modeling-based KT: Representative works include Deep
Knowledge Tracing (such as DKT (Piech et al. 2015a),
ATKT (Guo et al. 2021), DIMKT (Shen et al. 2022), etc.)
which pioneered the use of RNNs; the Dynamic Key-
Value Memory Network (such as DKVMN (Shen et al.
2022), SKVMN (Zhang et al. 2017), DGMN (Abdelrah-
man and Wang 2019)), which explicitly updates knowl-
edge point states via an external memory matrix; and Trans-
former architecture models (such as SAKT (Pandey and
Karypis 2019) and SAINT (Choi et al. 2020a) that uti-
lize self-attention mechanisms to capture long-range depen-
dencies. (2) Graph-based KT (Tong et al. 2020; He et al.
2025): Typical works include Graph-based Knowledge Trac-
ing(GKT (Nakagawa, Iwasawa, and Matsuo 2019)), which
explicitly constructs knowledge point adjacency graphs, and
Structured Knowledge Tracing( SKT (Tong et al. 2020)),
which integrates dependency relationships from knowledge
graphs. These two categories of methods advance the refine-
ment of knowledge state representation from the perspec-
tives of temporal dynamics and structural relevance, respec-
tively.

Hyperbolic Machine Learning
Hyperbolic geometric space excels in graph representation
learning due to its hierarchical representation capability (Fu
et al. 2024; Nickel and Kiela 2018; Cheng et al. 2025b),
making it ideal for tree-like structures such as knowledge
graphs and user-item interaction graphs (Sun et al. 2023).
It has been successfully applied in recommender systems,
for example with the LKGR model (Chen et al. 2022) cap-
turing user-item hierarchies in Lorentz hyperbolic space.
Significant progress has also occurred in knowledge graph
embedding (Sun et al. 2025b,a), including models like
HHNE++ (Wang, Zhang, and Shi 2019) that achieve low-
distortion hierarchical representation of heterogeneous in-
formation networks (Cheng et al. 2025a; He et al. 2024; Sun
et al. 2024b,c). For recommender systems, hyperbolic space
primarily optimizes user-item interactions (Zhang et al.
2019; Wang et al. 2021), while for knowledge graphs it fo-
cuses on hierarchical dependencies between entities (Per-
ozzi, Al-Rfou, and Skiena 2014). However, hyperbolic graph
learning remains largely unexplored for intelligent education
and knowledge tracing, particularly for hierarchical model-
ing of dynamic student-knowledge point interactions.

14748



Preliminary
Hyperbolic Geometry
Hyperbolic space commonly refers to manifolds with con-
stant negative curvature and is used for modeling complex
networks (Gao et al. 2022). Among the common isometric
models used to describe hyperbolic spaces, the hyperboloid
model has recently been widely used in machine learning.
The hyperboloid model is an n-dimensional hyperbolic ge-
ometry as a manifold in the (n+1)-dimensional Minkowski
space. A hyperboloid manifold Hn

κ = {x ∈ Rn+1|⟨x, x⟩H =
1/κ, κ < 0} in n-dimensional space with curvature κ. ⟨·, ·⟩H
is Lorentzian scalar product and ⟨x, y⟩H := −x0y0+x1y1+
· · ·+xnyn. The distance dHκ (x, y) on the hyperboloid model
is defined as:

dHκ (x, y) =
1√
|κ|

arccosh(|κ|⟨x, y⟩H). (1)

To ensure compatibility with standard machine learning
methods, the logarithmic map is employed to project data
into a local Euclidean tangent space (TxHn

κ) for computa-
tion (Song et al. 2021), and the exponential map is used to
project the results back. The logarithmic map logκx(·) and
exponential map expκx(·) are defined as:

logκx(y) = dHκ (x, y)
y + |κ|⟨x, y⟩Hx

∥y + |κ|⟨x, y⟩Hx∥H
, (2)

expκx(v) = cosh
(√

|κ|∥v∥H
)
x+ v

sinh (|κ|∥v∥H)√
|κ|∥v∥H

, (3)

where ∥v∥H =
√
⟨v, v⟩H is the Lorentzian norm of v.

Problem Statement
Student Interaction Sequence: For each student S, we
observe a chronologically ordered interaction sequence,
denoted as S = {s1, s2, . . . , sm}. Interaction Content:
Each interaction sj is a structured quadruple sj =<
qj , {c}, rj , tj >, where: qj represents the question the stu-
dent solved in the j-th interaction. {c} is the set of knowl-
edge components associated with the question Rj ∈ {0, 1}
is a binary response label. Rj = 1 indicates that student
S answered question qj correctly in the j-th interaction,
while Rj = 0 indicates an incorrect answer. tj represents
the timestamp when the j − th interaction occurred, record-
ing the temporal information of the interaction. Knowledge
State and Embedding Space:kct represents the latent knowl-
edge state of student S for knowledge concept c at timestep
t.

Method
In this section, we propose our L-HAKT framework, aim-
ing to assist knowledge tracing tasks through data generated
by large models. It consists of three parts. (1) We deploy
two LLM-driven Agents, Teacher Agent: Constructs hierar-
chical knowledge graphs by parsing exercise semantics and
explicit knowledge dependencies. Student Agent:Simulates
personalized learning behaviors (e.g., engagement and for-
getting) to generate synthetic interaction data. (2) We intro-
duce a relation-aware hyperbolic graph neural network , cap-
turing hierarchical dependencies within knowledge systems

Figure 2: Illustration of LLM-based Teacher-student Behav-
ior Modeling and Data Augmentation.

by modeling hyperbolic embeddings with curvature opti-
mization. (3) We perform distribution calibration between
Teacher-generated data and real-world student interactions
via a hyperbolic contrastive alignment mechanism, integrat-
ing hierarchical states for knowledge tracing.

LLM-Based Teacher-Student Behavior
Augmentation
Here, we employ two Agents: (1) Teacher Agent: it extracts
rich information from texts, constructing knowledge graphs.
(2) Student Agent: it captures learners’ engagement states
and behaviors to simulate their responses.

Teacher Agent. The Teacher Agent Mt processes prob-
lem images qimage using specialized prompt templates to
achieve three core outputs:

• Hierarchical Knowledge Identification: It parses images
into semantic text qtexti = Mt(q

image
i ) then extracts and

classifies knowledge points into explicit hierarchy levels
Lj ∈ {1, 2, 3, 4} (from basic definitions to comprehen-
sive reasoning);

• Structured Knowledge Graph Construction: It builds a
fine-grained hierarchical knowledge graph by establish-
ing parent-child dependencies between knowledge points
based on their levels, creating a tree-like pedagogical
structure;

• Exercise Difficulty Quantification: It assigns objective
difficulty scores to each exercise by analyzing the
hierarchy levels of its associated knowledge points
cLi1 , c

L
i2
, · · · , cLik , where higher-level knowledge combi-

nations yield higher difficulty values.

This process provides: 1) Explicit knowledge hierarchy
mapping, 2) Pedagogically structured knowledge graphs,
and 3) Semantically-grounded exercise difficulty metrics for
downstream components.
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Student Agent. Utilizes the LLM’s knowledge base and
reasoning capabilities to simulate the problem-solving cog-
nitive process of a real student. Given a student’s histori-
cal interaction sequence lj−1 = {s1, s2, . . . , sj−1}, where
si = ⟨qi, Ci, Ri⟩ contains the question qi, associated knowl-
edge points Ci, and response result Ri ∈ {0, 1} ,Ri = 1
indicates correct,Ri = 0 indicates error . To simulate per-
sonalized learning behaviors, our Student Agent incorpo-
rates two specialized modules: The Cognitive Engagement
Module dynamically assesses the student’s concentration
level based on current exercise difficulty and mastery of re-
lated knowledge points. The Hierarchical Forgetting Mod-
ule models differential memory decay patterns according to
knowledge point difficulty levels.
• Cognitive engagement module: A student’s concentra-

tion during learning is influenced by problem diffi-
culty qj and mastery of related knowledge points. The
learner’s current engagement is defined as Γj = σ(Wq ·
[Xqi ;Xcij ; t] + bq). If the interval t for such problems is
short, it indicates active learning. The current cognitive
engagement state is evaluated based on embeddings of
the current problem Xqi and difficulty of related knowl-
edge points Xcij .

• Hierarchical forgetting module: We divide memory types
into three levels based on problem difficulty. Basic
knowledge points L ∈ {1, 2} cover core concepts, ba-
sic formulas, and simple rules. Intermediate knowledge
points L ∈ {3} involve typical problem-solving meth-
ods, medium-complexity strategies, and combined appli-
cations. The forgetting curve has moderate slope. Diffi-
cult knowledge L ∈ {4} includes complex problem de-
composition. The forgetting curve is steepest with rapid
decay. We model forgetting with Fj = exp(−λ·Lavg·tj),
where Lavg is the average level of designed knowledge
points.

Using the student’s current engagement state and forgetting
degree information for the current problem, we update the
current knowledge state via LSTM (Graves 2012).

hs
j = LSTM([Xqj ;

∑
c∈Cij

wcXc]⊕ (Γj ⊙Fj ⊙hs
j−1)) (4)

where Xqj ,Xc are the question and knowledge point em-
beddings, respectively,wc is the weight of the knowledge
point.

Based on the current exercise ej and historical state hs
j−1,

the student Agent predicts the student’s response Aj ∈ 0, 1
and constructs/outputs the underlying reasoning path Pj =

[c(1), · · · , c(k) → Aj ], where Aj is obtained through ana-
lyzing relevant knowledge points cj of the problem.

Hyperbolic Encoding & Alignment
Since knowledge points are not isolated, we first construct
a heterogeneous graph: G = (V, E), Then, our connect-
ing exercise-knowledge point edges, and establishing depen-
dency edges between knowledge points based on the knowl-
edge graph. Ehie = {(ci, cj)|Lci < Lcj} constructs di-
rected hierarchical dependency chains (e.g., limit(level 2) →
derivative(level 2) → differential equations(level 4)).

Relational-aware Hyperbolic Graph Neural Network
To model the complex hierarchical dependencies in both real
κreal and synthetic κsyn graphs within hyperbolic space, we
extend multi-head graph attention with curvature-specific
processing. For each graph with its own curvature κ ∈
{κreal, κsyn}, thereby defining two hyperbolic spaces Hκ1

and Hκ2 for real and synthetic graphs respectively, we
project the initial Euclidean node embeddings XE into hy-
perbolic manifolds via the exponential map, yielding hy-
perbolic representations HHκ

i = expκ0(X
E). Finally, we

perform relation-aware hyperbolic aggregation. Specifically,
the representation for each node i at layer L is updated as
follows:

h
(L+1)
i = expκ0

(
σ

( ∑
j∈N i

α
(L)
ij ·W(L) logκ0

(
h
H(L)

κ
j

)))
(5)

where α
(L)
ij is the attention score at layer L with , and σ is

an activation function.

Hyperbolic Constractive Alignment We use Hyperbolic
Graph Neural Network (HGNN) (Liu, Nickel, and Kiela
2019) to process G, capturing the hierarchical nature of real
and generated data. This embeds foundational knowledge
points in the flatter central region, while distributing higher-
order knowledge points in the higher-curvature peripheral
regions, obtaining the L-th layer embeddings h

(L)
v ,h(L)

u ,
and apply contrastive learning to enhance their represen-
tational capability. For the exercise-concept side, exercises
and knowledge concepts shared by both embedding spaces
are labeled as positive samples, while other entities are
treated as negative samples. Based on these positive and neg-
ative samples, the following contrastive loss is adopted:

Lcon = −
∑

(u,v)∈P

log
pos(h

(L)
u , h

(L)
v )

pos(h
(L)
u , h

(L)
v ) + neg(hu)

, (6)

where P is positive pairs, sim(h
(L)
u , h

(L)
v ) denotes the co-

sine similarity between embeddings of h(L)
u and h

(L)
v , τ is a

temperature coefficient.

Hyperbolic Knowledge Tracing
Sequence Propagation We obtain hyperbolic embeddings
for exercises and associated knowledge points XH

qc from our
relation-aware hyperbolic graph neural network. To incor-
porate the correctness rate Rt into these embeddings while
maintaining computational efficiency, we first project XH

qcto
the tangent space at the origin via the logarithmic map
XE

qc = logκ0 (X
H
qc) , then perform the update Xi = ϕ(XH

qc ⊕
Rt)in Euclidean space. For sequential processing, we sim-
ilarly map the previous hyperbolic hidden state HH

t−1 to its
Euclidean counterpart HE

t−1 = logκ0 (H
H
t−1).We then con-

struct joint representations by integrating question difficulty
qdiff and the average knowledge point level cL,applying hier-
archical differentiation through Dt = ϕ(Wd ·qdiff+WL ·cL)
where higher-level problems receive reinforced processing
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Figure 3: Illustration of the architecture of L-HAKT.

and basic problems undergo standard handling. This dual-
space approach leverages hyperbolic geometry’s hierarchi-
cal representation capabilities while maintaining computa-
tional tractability through tangent space operations (Yang
et al. 2022).

HE
t = HGRU(XE

t , H
E
t−1, Dt) (7)

As the GRU is built upon the tangent space, logarithmic
maps are needed . Then, we feed the states into the GRU
and map the hidden state back to hyperbolic space HH

t =
expκ0 (H

E
t ). As we can see, the final HH is capable of in-

tegrating the knowledge point hierarchy structure, content,
and question-solving information.

Model Training The KT loss Lkt is defined as the binary
cross-entropy loss between the prediction yt and the correct
answer ŷ, calculated as follows:

LKT = −
∑
i=1

(ytlogŷ + (1− yt) log (1− ŷ)) (8)

Ltotal = LKT + αLcon (9)
where α is the hyperparameter controlling Lcon.

Experiment
Dataset Description
We conducted experiments on four public education
datasets: ASSIST2009 (Feng, Heffernan, and Koedinger
2009), ASSIST2012 (Feng, Heffernan, and Koedinger
2009), EdNet (Choi et al. 2020b), and Eedi(Wang et al.
2020). These datasets comprehensively record student-
question-knowledge point interaction triples, with Eedi ad-
ditionally containing image information corresponding to
questions. To address Eedi’s multimodal characteristics,
we utilized a vision-Large Language Model (e.g., Qwen-
2.5VL) to parse question image content and simulate student

problem-solving processes: first converting images to tex-
tual descriptions, then combining question text prompts to
simulate answer behaviors of students at different cognitive
levels via LLM. Detailed dataset statistics are shown in Ta-
ble 2, which specifically annotates the volume of simulated
interaction data newly added to Eedi after LLM enhance-
ment.

Experimental Setup
Similar to ( (Sun et al. 2024a; Liu et al. 2023)), we randomly
partitioned the dataset into two subsets, with 80% used for
training and 20% used for testing. We evaluated model per-
formance using Accuracy (Acc) and AUC. Accuracy mea-
sures classification correctness, while AUC assesses the
model’s ability to distinguish between different classes. All
models were trained and tested on a single Nvidia A100
40GB GPU. The vector dimension d was set to match the
number of knowledge concepts. The representation learning
module consists of 2 layers. A hyperparameter search was
conducted for α over the range [0.0001, 0.001, 0.01, 0.1, 1].

Baseline Approaches
To validate the effectiveness of our L-HAKT, we compare it
against various baseline methods from two categories.

Sequence Models: This category encompasses tem-
poral knowledge tracing approaches including recurrent-
based methods like DKT (Piech et al. 2015a) using
LSTM for knowledge state tracking alongside its en-
hanced variants DKT+(Yeung and Yeung 2018) address-
ing inconsistent states, DKT+forgetting(Nagatani et al.
2019) incorporating forgetting behavior. Attention mech-
anisms are represented by ATKT (Guo et al. 2021) em-
ploying adversarial training and AT-DKT utilizing auxil-
iary tasks.DIMKT (Shen et al. 2022) examines the im-
pact of problem difficulty on students’ knowledge levels.
Memory network approaches feature DKVMN (Zhang et al.
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Model ASSIST09 ASSIST12 EdNet Eedi

AUC(%) ACC(%) AUC(%) ACC(%) AUC(%) ACC(%) AUC(%) ACC(%)

DKT 75.97±0.25 73.01±0.21 72.90±0.07 73.27±0.16 70.10±0.37 71.11±0.42 76.01±0.03 71.64±3.81
DKT+ 77.21±0.03 73.32±0.21 73.64±0.01 73.42±0.01 70.20±0.06 66.21±1.67 74.32±0.01 70.79±0.01

DKT+forget 77.32±0.00 72.13±0.16 73.75±0.03 73.12±0.15 70.46±0.03 71.12±0.17 76.13±0.05 71.66±0.14
DIMKT 72.01±0.36 73.68±0.16 76.23±0.22 74.98±0.02 77.00±0.19 72.93±0.02 79.30±0.02 73.03±0.90

DKVMN 76.10±0.11 72.34±0.07 72.12±0.21 73.32±0.23 69.32±0.14 70.95±0.02 76.01±0.29 71.62±0.09
Deep-IRT 76.21±0.11 72.10±2.17 72.32±0.36 73.64±0.00 69.73±0.08 71.22±0.03 76.00±0.37 71.73±0.20

ATKT 76.53±0.90 73.33±0.01 73.24±0.05 72.98±0.02 70.23±0.06 72.10±0.03 76.21±0.22 72.01±0.36
AT-DKT 76.89±0.02 73.05±0.04 72.74±0.07 72.90±0.02 70.11±0.04 71.03±0.21 75.94±0.04 72.00±0.11

AKT 78.23±0.05 74.45±0.30 78.21±0.11 75.23±0.01 76.78±0.08 73.32±0.10 78.84±0.02 73.01±0.16
SAKT 75.33±0.03 71.77±0.08 73.03±0.58 73.40±0.18 69.27±0.05 71.07±0.21 75.73±0.18 71.23±0.09
SAINT 75.00±0.03 71.21±4.85 75.11±0.09 74.01±0.03 76.04±0.24 73.45±0.12 78.32±0.08 72.93±0.14
CL4KT 76.26±0.14 72.75±0.30 72.36±0.29 73.31±3.11 69.65±0.06 71.18±0.01 75.83±0.03 71.47±0.07

GKT 76.32±0.21 72.44±0.14 72.39±0.04 73.29±0.06 69.21±0.14 71.01±0.01 76.02±2.17 71.68±0.05
GIKT 77.33±0.02 72.69±0.24 76.32±0.05 75.11±0.02 76.02±0.21 73.11±0.10 79.68±0.08 73.02±0.20

simpleKT 77.12±0.42 73.56±0.13 77.21±0.07 75.49±0.14 75.11±0.03 73.57±0.03 78.22±0.33 73.12±0.03
MIKT 79.38±0.03 74.54±0.01 78.65±0.03 76.52±0.07 77.10±0.10 74.22±0.30 79.59±0.07 72.67±0.90

our 80.22±0.30 75.10±0.04 80.27±0.40 77.10±0.14 78.23±0.05 75.21±0.01 80.29±0.02 73.49±0.03

Table 1: Overall AUC and ACC performance of L-HAKT and all baselines. ACC and AUC should be as large as possible,
indicating better model performance; Bold:best; Underline: runner-up.

ASSIST09 ASSIST12 EdNet Eedi

# Students 4160 5000 5000 5000
# Question 15643 36054 11700 26702
# Concept 167 242 1830 1050
# Interaction 206631 713123 1147423 586234

Table 2: Summary of dataset statistics.

2017) with dynamic key-value memory and Deep-IRT inte-
grating item response theory. Transformer architectures in-
clude SAKT (Pandey and Karypis 2019) capturing relation-
ships through self-attention, SAINT (Choi et al. 2020a) im-
plementing full Transformer modeling, AKT (Ghosh, Hef-
fernan, and Lan 2020) simulating forgetting through con-
text attention. CL4KT (Lee et al. 2022) addressing interac-
tion sparsity, and DTransformer tracking stable states. sim-
pleKT (Liu et al. 2023) is based on the simplified AKT
model structure, achieving simplicity without sacrificing
performance.MIKT (Sun et al. 2024a) tracks the students’
state of domain knowledge and conceptual knowledge.

Graph Models: This category focuses on explicit knowl-
edge topology modeling through graph structures, featur-
ing GKT (Nakagawa, Iwasawa, and Matsuo 2019) which
propagates conceptual knowledge states via graph neural
networks alongside GIKT (Yang et al. 2020) that enhances
question representations using graph convolutional networks
to aggregate question-concept relationships. These methods
directly leverage graph connectivity to capture dependencies
between knowledge points.

Performance Comparison
As shown in Table 1, L-HAKT significantly outperforms
both sequence models and graph model baselines across
four real-world datasets. This advantage verifies that hy-

perbolic geometric space can effectively capture the latent
hierarchical structure among knowledge points, adaptively
distinguishing learning dynamics differences between fun-
damental and advanced knowledge points through hyper-
bolic curvature. Simultaneously, the data generated by large
language models substantially enhances the performance of
graph models in knowledge tracing tasks, highlighting the
critical role of synthetic data in strengthening model gener-
alization capabilities.

Ablation Study
We conducted ablation studies to evaluate L-HAKT two core
mechanisms: hyperbolic representation learning and multi-
level contrastive alignment, using Graph-based Knowledge
Tracing (GKT) as the backbone network. Experimental
results (Table 3) compare three configurations: the full
L-HAKT, L-HAKT (w/o con) without contrastive align-
ment, and L-HAKT (w/o hyp) without hyperbolic repre-
sentation. Hyperbolic representation learning significantly
enhanced hierarchical structure capture, where its adap-
tive curvature mechanism effectively distinguished learning
dynamics between fundamental and advanced knowledge
points—particularly crucial for modeling mutation charac-
teristics in complex skills. The performance degradation in
L-HAKT (w/o hyp) confirms Euclidean space’s limitation
in leveraging rich hierarchical relationships. Meanwhile,
multi-level contrastive alignment played a vital role in cor-
recting LLM-generated data distribution bias; its removal in
L-HAKT (w/o con) demonstrates that synthetic data alone
merely provides data augmentation benefits, whereas proper
alignment enables authentic distribution calibration and
cognitive plausibility enhancement. This module substan-
tially increased sensitivity to mutation states in advanced
knowledge points. Collectively, the geometric embedding of
knowledge hierarchies in hyperbolic space combined with
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Model ASSIST09 ASSIST12

ACC(%) ∆(%) AUC(%) ∆(%) ACC(%) ∆(%) AUC(%) ∆(%)

GKT 76.32 - 72.44 - 72.39 - 73.29 -
L-HVKT(w/o hyp) 77.55 ↑1.61 73.78 ↑1.85 78.01 ↑7.76 76.84 ↑4.84
L-HVKT(w/o con) 76.98 ↑0.86 73.21 ↑1.06 76.32 ↑5.43 75.34 ↑2.80

L-HVKT 80.22 ↑5.11 75.10 ↑3.67 80.27 ↑10.89 77.10 ↑5.20

Model EdNet Eedi

ACC(%) ∆(%) AUC(%) ∆(%) ACC(%) ∆(%) AUC(%) ∆(%)

GKT 69.21 - 71.01 - 76.02 - 71.68 -
L-HVKT(w/o hyp) 76.54 ↑10.59 74.53 ↑4.96 79.02 ↑3.95 72.48 ↑1.12
L-HVKT(w/o con) 75.51 ↑9.10 72.67 ↑2.34 78.19 ↑2.85 71.97 ↑0.40

L-HVKT 78.23 ↑13.03 75.21 ↑5.91 80.29 ↑5.59 73.49 ↑2.53

Table 3: The ACC and AUC improvements (%) results of Ablation Study. (Bold:best; Underline:runner-up.)

(a) Comparison of the performance with different knowledge graphs. (b) Validation of knowledge generation of teacher agent.

Figure 4: Validation of Knowledge Graph Effectiveness. (a) Compare the predictive performance of ACC and AUC in four
datasets using real data, adding synthetic data, and comparing alignment.(b)Teacher Agent generates a knowledge graph by
parsing rich text information.Where (.) denotes the number of related concepts.

precise distribution alignment through contrastive learning
enables L-HAKT consistent outperformance of its variants
across all four datasets.

Validation of Knowledge Graph Effectiveness
To rigorously validate the effectiveness of our hierarchi-
cal knowledge graph, Figure 4.a compares three method-
ological configurations: the baseline restricted to original
question-knowledge point connections, the augmented ap-
proach incorporating Student Agent synthetic data, and the
full framework integrating Teacher Agent knowledge graphs
with hyperbolic contrastive alignment. The results demon-
strate that LLM-synthetic data substantially enriches sparse
learning trajectories by simulating diverse cognitive path-
ways. Simultaneously, the contrastive alignment mechanism
effectively bridges distributional discrepancies between syn-
thetic and real behavioral patterns while preserving ped-
agogical hierarchies through geometric constraints in hy-
perbolic embedding space. Complementing these quanti-
tative insights, Figure 4.b visually substantiates our ap-
proach through a representative knowledge graph segment.
This topology exhibits pedagogically coherent hierarchi-
cal dependencies. Collectively, these outcomes confirm our
framework successfully resolves two fundamental limita-
tions of traditional knowledge tracing: the fragmentation of
knowledge structures through hierarchical graph construc-

tion, and the distortion of difficulty perception via geometri-
cally grounded representation.

Conclusion
We propose Large Language Model Hyperbolic Aligned
Knowledge Tracing(L-HAKT), a knowledge tracing frame-
work integrating large language models and hyper-
bolic geometry to systematically model how hierarchical
knowledge structures distinctly influence learning dynam-
ics—progressive mastery of basic concepts versus abrupt
evolution of advanced knowledge points. Our dual-agent
mechanism employs a Teacher Agent to build logically de-
pendent knowledge graphs and a Student Agent to sim-
ulate cognition-driven problem-solving behaviors, generat-
ing synthetic data rich in analytical pathways. Through hy-
perbolic contrastive alignment, we simultaneously calibrate
distributions between synthetic and real data while geo-
metrically embedding knowledge hierarchies in curvature-
adaptive hyperbolic space. Experiments across four real-
world education datasets validate the framework’s effective-
ness, with hyperbolic embeddings visually demonstrating
correlations between knowledge hierarchies and learning
curve morphologies. Future work will explore hyperbolic
learning generation for instructional optimization and lever-
age combined model-space for fine-grained diagnostics.
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learning hierarchical representations. Advances in neural
information processing systems, 30.
Nickel, M.; and Kiela, D. 2018. Learning continuous hi-
erarchies in the lorentz model of hyperbolic geometry. In
International conference on machine learning, 3779–3788.
PMLR.
Pandey, S.; and Karypis, G. 2019. A self-attentive
model for knowledge tracing. arXiv 2019. arXiv preprint
arXiv:1907.06837.
Park, J. S.; O’Brien, J.; Cai, C. J.; Morris, M. R.; Liang, P.;
and Bernstein, M. S. 2023. Generative agents: Interactive
simulacra of human behavior. In Proceedings of the 36th
annual acm symposium on user interface software and tech-
nology, 1–22.
Perozzi, B.; Al-Rfou, R.; and Skiena, S. 2014. Deepwalk:
Online learning of social representations. In Proceedings of
the 20th ACM SIGKDD international conference on Knowl-
edge discovery and data mining, 701–710.
Piech, C.; Bassen, J.; Huang, J.; Ganguli, S.; Sahami, M.;
Guibas, L. J.; and Sohl-Dickstein, J. 2015a. Deep knowledge
tracing. Advances in neural information processing systems,
28.
Piech, C.; Spencer, J.; Huang, J.; Ganguli, S.; Sahami, M.;
Guibas, L.; and Sohl-Dickstein, J. 2015b. Deep Knowledge
Tracing. arXiv e-prints.
Shen, S.; Huang, Z.; Liu, Q.; Su, Y.; Wang, S.; and Chen,
E. 2022. Assessing student’s dynamic knowledge state by
exploring the question difficulty effect. In Proceedings of
the 45th international ACM SIGIR conference on research
and development in information retrieval, 427–437.
Song, W.; Chen, H.; Liu, X.; Jiang, H.; and Wang, S. 2021.
Hyperbolic node embedding for signed networks. Neuro-
computing, 421: 329–339.
Sun, J.; Yu, F.; Wan, Q.; Li, Q.; Liu, S.; and Shen, X. 2024a.
Interpretable knowledge tracing with multiscale state repre-
sentation. In Proceedings of the ACM Web Conference 2024,
3265–3276.
Sun, L.; Huang, Z.; Peng, H.; Wang, Y.; Liu, C.; and Yu, P. S.
2024b. LSEnet: Lorentz Structural Entropy Neural Network
for Deep Graph Clustering. In Proceedings of the 41st In-
ternational Conference on Machine Learning (ICML).
Sun, L.; Huang, Z.; Wan, Q.; Peng, H.; and Yu, P. S. 2024c.
Spiking Graph Neural Network on Riemannian Manifolds.
In Advances in the 38th Neural Information Processing Sys-
tems (NeurIPS).
Sun, L.; Huang, Z.; Wu, H.; Ye, J.; Peng, H.; Yu, Z.; and
Yu, P. S. 2023. DeepRicci: Self-supervised Graph Structure-
Feature Co-Refinement for Alleviating Over-squashing. In
Proceedings of the IEEE International Conference on Data
Mining (ICDM), 558–567. IEEE.
Sun, L.; Huang, Z.; Zhang, M.; and Yu, P. S. 2025a. Deeper
with Riemannian Geometry: Overcoming Oversmoothing
and Oversquashing for Graph Foundation Models. In Ad-
vances in the 39th Neural Information Processing Systems
(NeurIPS).

Sun, L.; Huang, Z.; Zhou, S.; Wan, Q.; Peng, H.; and Yu,
P. S. 2025b. RiemannGFM: Learning a Graph Foundation
Model from Riemannian Geometry. In Proceedings of the
ACM on Web Conference 2025 (WWW), 1154–1165. ACM.
Tan, W.; Jin, Y.; Liu, M.; and Zhang, H. 2021. BiDKT: Deep
knowledge tracing with BERT. In International Conference
on Ad Hoc Networks, 260–278. Springer.
Tong, H.; Zhou, Y.; and Wang, Z. 2020. Exercise hierar-
chical feature enhanced knowledge tracing. In International
conference on artificial intelligence in education, 324–328.
Springer.
Tong, S.; Liu, Q.; Huang, W.; Hunag, Z.; Chen, E.; Liu, C.;
Ma, H.; and Wang, S. 2020. Structure-based knowledge trac-
ing: An influence propagation view. In 2020 IEEE interna-
tional conference on data mining (ICDM), 541–550. IEEE.
Wang, F.; Liu, Q.; Chen, E.; Huang, Z.; Chen, Y.; Yin, Y.;
Huang, Z.; and Wang, S. 2020. Neural cognitive diagno-
sis for intelligent education systems. In Proceedings of the
AAAI conference on artificial intelligence, volume 34, 6153–
6161.
Wang, H.; Lian, D.; Tong, H.; Liu, Q.; Huang, Z.; and Chen,
E. 2021. Hypersorec: Exploiting hyperbolic user and item
representations with multiple aspects for social-aware rec-
ommendation. ACM Transactions on Information Systems
(TOIS), 40(2): 1–28.
Wang, X.; Zhang, Y.; and Shi, C. 2019. Hyperbolic hetero-
geneous information network embedding. In Proceedings
of the AAAI conference on artificial intelligence, volume 33,
5337–5344.
Yang, M.; Zhou, M.; Xiong, H.; and King, I. 2022. Hyper-
bolic temporal network embedding. IEEE Transactions on
Knowledge and Data Engineering, 35(11): 11489–11502.
Yang, Y.; Shen, J.; Qu, Y.; Liu, Y.; Wang, K.; Zhu, Y.; Zhang,
W.; and Yu, Y. 2020. GIKT: a graph-based interaction model
for knowledge tracing. In Joint European conference on ma-
chine learning and knowledge discovery in databases, 299–
315. Springer.
Yeung, C.-K.; and Yeung, D.-Y. 2018. Addressing two prob-
lems in deep knowledge tracing via prediction-consistent
regularization. In Proceedings of the fifth annual ACM con-
ference on learning at scale, 1–10.
Yin, Y.; Dai, L.; Huang, Z.; Shen, S.; Wang, F.; Liu, Q.;
Chen, E.; and Li, X. 2023. Tracing knowledge instead of pat-
terns: Stable knowledge tracing with diagnostic transformer.
In Proceedings of the ACM web conference 2023, 855–864.
Zhang, J.; Shi, X.; King, I.; and Yeung, D.-Y. 2017. Dynamic
key-value memory networks for knowledge tracing. In Pro-
ceedings of the 26th international conference on World Wide
Web, 765–774.
Zhang, J.; Shi, X.; Zhao, S.; and King, I. 2019. Star-gcn:
Stacked and reconstructed graph convolutional networks for
recommender systems. arXiv preprint arXiv:1905.13129.

14755


