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Multiple Graph Knowledge Tracing Based on
LSTM-Attention Hypergraph Convolution and
Forgetting Effect

Ruichun Kang ™, Xiaoyao Li

Abstract—Due to the great potential of online education platforms,
knowledge tracing (KT) has become popular in personalized learning.
KT aims at tracing the dynamic change of knowledge state over time
based on student’s historical learning trajectory and predicting
student’s future performance. However, the existing methods still face
some challenges, including the ignoring of forgetting behavior, the loss
of higher-order information, and the limit of pair-wise representation
in student’s learning trajectory. To address these issues, we propose
the multiple graph knowledge tracing (MGKT). Based on forgetting
mechanism, MGKT introduces forgetting feature into a graph
convolutional network. Considering the topological ordering and
relations of exercise-response and skill-response, a dual-channel
directed multigraph communication module is developed for MGKT
to characterize student’s hidden knowledge states. In addition, we
design a hypergraph convolution module with LSTM and attention
mechanism for MGKT to learn higher-order semantic information
and group-wise relationship in hypergraphs. Comprehensive experi-
ments are performed on three public datasets and the experimental
results demonstrate the superiority of MGKT over some state-of-the-
art KT models.

Index Terms—Attention mechanism, forgetting effect, graph
neural networks (GNNs), knowledge tracing (KT), multiple
graph.

I. INTRODUCTION

ITH the rapid development of modern information tech-

nology, the online education platforms gradually
become an important supplement to the traditional education
patterns and even as the mainstream in some special occasions
[1], due to flexible time and space, rich course resources, and
powerful learning diagnosis function. To trace the changes of
developed the student’s knowledge proficiency in the learning
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Fig. 1.  Simple schematic diagram of knowledge tracing.

process, researchers have proposed a basic task called Knowl-
edge Tracing (KT). As shown in Fig. 1 the KT models trace the
change of student’s knowledge state over time based on the stu-
dent’s historical learning trajectory to predict the student’s
future performance. KT serves as a powerful tool in personal-
ized diagnosis, applying education-related data to monitor stu-
dents’ changing knowledge state [2]. It is of great significance
to alleviate the problems of “information overload” and
“knowledge disorientation” faced in personalized education.

Generally, KT methods are categorized into traditional
knowledge tracing and deep knowledge tracing. Early research
centered around traditional knowledge tracing, and Bayesian-
based knowledge tracing [3], [4], [5]. They typically use proba-
bilistic graphical models such as hidden Markov models
(HMMs) and Bayesian belief networks (BBNs) to trace the stu-
dent’s dynamic knowledge state during learning process [6].
Compared with HMM, recurrent neural networks (RNN) are
more suitable to build complex models due to their high dimen-
sional and continuous representation of latent features [7]. Deep
knowledge tracing (DKT) [8] first introduced RNN to capture
the interaction between exercises and student’s answers. Subse-
quently, to enhance the external memory structure, Zhang et al.
[9] proposed dynamic key—value memory network (DKVMN)
using static key matrices and dynamic value matrices to trace
the evolutionary trend of student knowledge state over time. In
addition, self-attentive knowledge tracing (SAKT) [10] first
integrated attention mechanisms with knowledge tracing by uti-
lizing multiple attention weights to indicate the importance of
historical exercise sequence to the current exercise. From then
on, attention mechanisms have drawn extensive attention from
researchers in the KT field [11], [12], [13], such as attentive
knowledge tracing (AKT) [11].

Recently, a lot of deep learning techniques have been devel-
oped to process graph data due to its great expressive
power. Therefore, increasing works combine graph structure to
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construct architecture dealing with various challenges in KT
task. Graph-based knowledge tracing (GKT) [14] converts
knowledge structure into diagrams solved by standard diagram
learning techniques. With the assumption of the one-to-many
relationship between skills and exercises, graph-based interac-
tive knowledge tracing (GIKT) [15] applies graph convolutional
network (GCN) for embedding characterization. Based on joint
GCN, joint knowledge tracing (JKT) [16] not only establishes
connections between exercises under cross-skills, but also cap-
tures high-level semantic information. In addition, Wu et al.
[17] developed the session graph based knowledge tracing
(SGKT) based on exercise session graphs to obtain student’s
knowledge states and embedding representations.

By reviewing and analyzing previous works on knowledge
tracing, we find some remaining challenges as follows.

1) Since forgetting behaviors have significant impact on
student’s knowledge proficiency and future learning per-
formance, there have been increasing studies incorporat-
ing forgetting effect into KT models. However, they are
mainly sequence based KT models. Although a few
graph-based models consider the forgetting effect, their
prediction performance is not satisfying due to the mis-
matching of forgetting rules to complex topological
structure of graph. Therefore, how to effectively inte-
grate forgetting features with graph structure becomes a
key to improve the model performance.

2) The student’s interaction behaviors can lead to various
graph structures [18]. However, most graph-based KT
methods focus only on the node feature of exercises or
skills, while ignoring the hidden semantic information
among the two and the corresponding responses. In addi-
tion, a few approaches have introduced the hidden asso-
ciations but fail to consider the influence of ordering in
student’s response sequence. Hence, it is a difficulty for
KT models to fully capture the relationships among
exercises, skills and responses.

3) With various graph types brought into KT field, the intra-
graph, intergraph, and cross-graph type information pass-
ing and fusion turn into an important problem to be faced.
In practice, an exercise can cover multiple skills and a skill
is usually required by different exercises. Moreover, the
learning trajectory varies by students. Accordingly, simple
pairwise dependency and single graph structure applied by
traditional graph based (e.g. graph neural networks) are
not enough to characterize such higher-order correlations
in student’s exercise-response sequence [19].

To address the above issues, we propose a multiple graph
knowledge tracing (MGKT) based on LSTM-Attention hyper-
graph convolution and forgetting effect. Our main contributions
are summarized as follows.

1) Based on the forgetting gating mechanism, we construct

a heterogeneous forgetting GCN (HFGCN) for MGKT
to integrate the forgetting features in student’s learning
trajectory with the knowledge state information in het-
erogeneous graph.

2) A dual-channel directed multigraph communication
(DcDMC) module is first introduced in MGKT to utilize
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topological ordering and correlations of both exercise-
response and skill-response sequences to jointly charac-
terize student’s hidden knowledge states.

3) Taking advantage of LSTM and attention mechanism,
we design a hypergraph convolution module named
LSTM-hypergraph-attention convolution (LHAConv),
and propose multiple graph joint association matrix to
help MGKT learn higher-order semantic information
and the group-wise relationship in student’s learning
process and improve the sensitivity of convolution net-
works to different hyperedges.

4) We compare our proposed MGKT model with several
state-of-the-art deep learning-based KT models on three
public datasets and extensive experiments demonstrate
the superior performance and interpretability of MGKT.

Furthermore, our work contributes not only to the theoretical
development of educational data mining but also to the practical
application in education platforms (e.g. MOOC, Coursera, and
Khan Academy). For instance, by capturing and learning the
higher-order semantic information from student’s learning tra-
jectory, MGKT can help the platforms recommend more tar-
geted learning schedule and exercise library for students with
different levels of knowledge proficiency and forgetting rates
predicted by MGKT, enable real-time adjustment to the learning
material, and therefore improve student’s learning efficiency
and effect.

The remainder of the article is organized as follows. Section II
reviews the related works on knowledge tracing. Section III
describes the preliminary and specifies the overall framework of
MGKT. Section IV gives the experimental results of MGKT.
Finally, Section V concludes the article.

II. RELATED WORK
A. Knowledge Tracing

Previous research has centered around traditional knowledge
tracing, which consists of probabilistic and logistic models.
Bayesian inference models [3] are the most representative prob-
abilistic KT methods utilizing HMMs to track students’ knowl-
edge states. Logistic models are a class of models that estimate
student performance by learning logistic functions, such as per-
formance factor model [20], knowledge tracing machines [21],
etc. Inspired by the ability of deep learning to extract hidden fea-
tures of sequences, DKT [8] first utilizes RNN and its variant
LSTM to encode learning sequences to obtain student’s hidden
knowledge states. DKT+ [22], an extended variant of DKT,
utilizes two additional regular terms to address the limitations of
DKT by reconstructing answer inputs and improving the consis-
tency of skill-sharing exercises in terms of prediction. To
explore the complex knowledge structures of student, DKVMN
[9] uses static key matrices and dynamic value matrices to trace
the change of student’s knowledge state. In addition, since atten-
tion mechanisms can reflect the extent to which different exer-
cises affect the corresponding response, SAKT [10] first
integrates the scaled dot product attention mechanism in the KT
model to capture the relationships among student’s historical
interactions. Convolutional knowledge tracing (CKT) [23]
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further combines attention with a one-dimensional convolution
network to model individualized student’s learning state. With
the hot research on graph neural networks, researchers have grad-
ually noticed the excellent characterization ability of graph struc-
tures in the field of knowledge tracing. GKT [14] uses nodes to
represent skills and edges to represent dependencies between
skills and thus transforms the KT problem into a time-series node
classification problem by standard graph learning techniques.

B. Forgetting Effect

From the perspective of experimental psychology, student’s
knowledge proficiency will decline due to forgetting [24].
Therefore, repeated learning can consolidate previously learned
knowledge. Based on this phenomenon, some researchers have
considered the effect of forgetting in KT model. The DKT+For-
get [25] extends the DKT model by adding students’ forgetting
characteristics. Specifically, it adds time intervals and number
of attempts to trace student’s knowledge states. Wang et al. [26]
introduced Hawkes process in KT model and argued that there
are differences in the degree of forgetting for different skills.
Abdelrahman and Wang [27] proposed the deep graph memory
network incorporating a forgetting gating mechanism in the
attention memory structure to dynamically capture forgetting
behavior during knowledge tracing. After that, Hen et al. [2]
proposed a learning process in consistent knowledge tracing uti-
lizing the positive effect of learning gains and the negative effect
of learning forgetting to assess the student’s learning progress in
continuous learning interactions.

C. Graph Neural Networks

Due to the multivariate node and edge structure inherent in
graph structures, graphs provide a more intuitive representation
of relationships between entities than sequence structures. To
deal with graph structures, Scarselli et al. [28] proposed graph
neural networks (GNN). It extends existing neural network
approaches to process graph-structured data. Subsequently, Kipf
and Welling [29] proposed GCN for semisupervised learning of
graph-structured data, node classification, and graph classifica-
tion problems. Graph attention networks [30] utilize a masked
self-attention mechanism to assign different weights to different
nodes in the neighborhood, thus obtaining the importance of
each node at different levels.

D. Hypergraph Learning

Hypergraph structures have attracted much attention for their
flexibility in modeling complex data associations. Zhou et al.
[31] proposed hypergraphs for representing complex relation-
ships among objects of interest. Feng et al. [32] designed a
hyperedge convolution to learn hidden representations when
considering higher-order data structures. Ji et al. [33] proposed
jumping hypergraph convolutions to support display embedding
propagation of higher-order correlations in the dual channel
hypergraph collaborative filtering model. Gao et al. [34] pro-
posed tensor-based dynamic hypergraph learning method tensor
representation to describe dynamic hypergraphs. Cui et al. [35]

TABLE I
NOTATION SUMMARY

Notations  Descriptions
0,XP The set of exercises, skills and responses.
M The total number of exercises.
N The total number of skills.
S The total number of students.
Sy The exercise/skill node.
Sii The forgetting feature vector.
The directed connections between skills and responses of the
8sj Jjth student.
The directed connections between exercises and responses of
8aj the jth student.
The directed multigraph feature of the jth student passing
Bsj Bai through the fully connected layer.
4 The result after aggregating the graph communication layers.
H The association matrix of hypergraph.
H,, The multiple graph joint association matrix.
The node degree matrix and hyperedge degree matrix
DM obtained by H.
The node degree matrix and the hyperedge degree matrix
Du. By obtained by Hy,.
X; The hypergraph convolution layer.
a; The attention weight of hyperedge.
Ya. Vx. Yn~ The outputs of the DcDMC, HFGCN, and LHAConv.
Py The prediction of student future performance.
Yo The actual results of student future performance.
) The transpose operator.
The element-wise addition.
O] The element-wise multiplication.
a(*) The sigmoid activation function.
(%) The sum of elements.

established a dual graph ensemble learning method for knowl-
edge tracing (DGEKT) to capture the heterogeneous exercise-
skill connection and interaction transition by hypergraph and
directed graph structure, respectively.

III. PROPOSED METHOD
A. Preliminary

In this section, we first give the mathematical notation used in
this article as shown in Table I and some definitions related to
multigraph knowledge tracing.

Definition 1 (Knowledge Tracing): The task of knowledge
tracing [2] is to predict the probability that a student correctly
answers the next exercise on a particular skill based on his histor-
ical learning trajectory. In the knowledge tracing, the set of exer-
cises is denoted as @ = {q1,9», ... ,qm}, M represents the total
number of exercises. The set of skills is denoted as S =
{81,82,....Sy}, N represents the total number of skills. R =
{ry,rs,...,rps} denotes the set of students’ responses, and the
binary variable r; € {0,1} (i = 1,2, ... ,M) means the score (i.e. 1
means correct and 0 means wrong) of the ith exercise.

Definition 2 (Forgetting Gating Mechanism): The forgetting
behavior [27] denotes the declining trend in student’s knowledge
proficiency of a specific skill since the last practice, due to
human memory decay in cognitive science. The forgetting gating
mechanism [27] can be formulated as follows:

Sou = Tanh(f;, W + ) ey

where forgetting gating function Tanh(x) = (¢* - e™)/(¢* + ™).
fou € R4 and f,, € R denote the forgetting vector and
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input forgetting feature, respectively. A higher value in f,
denotes greater effect of the input feature on the current node.
WeR% <4 and b e R"*% are trainable weight matrix and
bias, respectively. d;, and d,, are latent dimensions.

Definition 3 (Heterogeneous Information Graph): The hetero-
geneous information graph [22] is denoted as Gy = (Vy, €p),
where Vy is the node set and €4 is the edge set. There is a node
type mapping function ¢y Vy — I'y and an edge type mapping
function Yy € — I', where I'y and I', denote the node type
set and the edge type set, respectively.

Definition 4 (Directed Multigraph): A directed multigraph
[35] G, = (V4 €&,) consists a node set V,; and a directed edge set
€, Each directed edge connects two ordered nodes. There is a
mapping function f: €, — V; x V; = {(u, vlu, veV,}. Two
edges ¢, and ¢, € g, are parallel edges (or multiple edges) if f(e;)
= fle,). Edge ¢ is a self-loop if fle) = (v, v).

Definition 5 (Hypergraph): A hypergraph [22] G, = (V}, &)
is an extension of a simple graph. In the hypergraph, a hyperedge
can connect more than two nodes at the same time.

The hypergraph is associated with an association matrix H
with the size of [V} x lg,l. If hyperedge ¢ contains node v, H(v,
&) = 1, otherwise H(v, ¢) = 0. The diagonal node degree matrix
D and the diagonal hyperedge degree matrix B are defined as

|€n|

D(v.v) =Y H(v,e)W(e,2) 2)
e=1

‘Vh‘

B(z,e) = > H(v,2) (3)
v=1

where W is a diagonal weight matrix.

Definition 6 (Multiple Graph Joint Association Matrix): Sup-
pose G, = (V,, €,) is a directed multigraph based on a given het-
erogeneous information graph Gy = (Vy, €y) and the
corresponding node type mapping function ¢z and edge type
mapping function /. The related hypergraph can be derived as
G, = (V, €), where V;, = V, A joint association matrix
H,, e N 1 is used to represent connections between nodes
and hyperedges. If hyperedge ¢ contains node v € V), = V,;, Hy,
(v, &) = d(v), otherwise Hy; (v, &) = 0. d(v) denotes the
in-degree (i.e. the number of edges coming into a node) of node
veV, =V, in the directed multigraph G;. The corresponding
diagonal node degree matrix Dy;€ R, and the diagonal
hyperedge degree matrix By, € N, are also defined as (2)
and (3) with H substituted by H,,.

Take Fig. 2 for example.

1) Given Vy = {11, 2, q1, G2, 43, 44 G5, S1, 52, 53, 54} and
the related heterogeneous information graph Gy = (Vy,
€y) in Fig. 2(b). Student #; answered exercise q1, g2, g3,
g4, g5, and student ¢, answered exercise ¢», ¢4, ¢s5. Exer-
cise g, requires skill sy, g, requires skill s; and s3, g3
requires skill s3, g4 requires skill s3 and s4, and gs
requires skill s, and s4. Accordingly, the node type set
and edge type set can be denoted as I'y, = {student, exer-
cise, skill} and I'c = {answered, requires}, respectively.

2) Suppose student ¢, answered the five exercises in Fig.
2(b) in order as (g1, x)—(q2,%x)—(g3,X)—(q4,\)—(gs,\)
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—(gnx)  —(gn), where twple  (gy,.rp, )G
=1,2,...,K,;, j€[1, S]) consists of exercise Gk, and the
corresponding  response Tk, i kqjin  krj€ll, M,
", €10,1},j = 1 and M = 5 in this case. Let Vy, =
{(qquﬂ,rkw.,)\i: 1,2,..., K,;} the exercise-response
sequence can be transformed into a directed multigraph
Gag = (Vag €aq) shown in Fig. 2(c). As can be seen,
there are six different tuples in the exercise-response
sequence and thus K, ; = 6 in this case. In addition, the
corresponding node multiset of the exercise-response

sequence can be denoted as Vg, ={(qz .rp )li=1,

a4t st

2,... 05}, where ko jikyji € [1,M] and r; € {0,1}. Q;
denotes the length of the exercise-response sequence and
thus Q; = 7 for student ¢, in this case. Considering the
relationships between exercises and skills in Fig. 2(b),
we obtain the skill-response sequence as (sq,X)—
(51,X)=(53,X) = (51, %)= (53, X) = (54, %)= (53,{) = (52,1))
—(84,\)—(51,%) —(83,%X) —(51,\)—(53,\), and then derive
the corresponding directed multigraph G,;, = (V5 €45)
with Voo = {(sp,,.7p.,)[i=1,2.....K,;} in Fig. 2(c).
psji €1, NI, pji€[1, M), r,, , €{0,1} and here N = 4,
K;; = 7. Thus, the corresponding node multiset of the
skill-response  sequence can be denoted as V=

{(s,,;yﬂ,r,,i’ﬁ)|i =1, 2,...,Ej}, where p;; €[1, N, p.; €1,
M] and ry € {0,1}. E; denotes the length of the skill-

response sequence or the extended exercise-response
sequence of the jth student and thus £, = 13 in this case.
Moreover, we can also extend exercise-response sequence
as (qhx )_’(612, X)_>(q23 X)_’(%’ X )—>(Q3, X )—>(613, X )
—(q4:\)=(q5:)=(q5:\)— (g2, %) = (g2, X)—(q2:\)—(q2,1)
to align with the skill-response sequence. Similarly, the
related node multiset of the extended exercise-response

sequence is V:,,q = {(qk;ﬁ,rk;’ﬁ)ﬁ =1, 2,..,E;}, where
Ids,jb /éjie [1, M] and rk’w_i S {0, 1}

3) Let V), = V,, and g, = V, the related hypergraph G, =
(V},, &) is constructed in Fig. 2(d). Furthermore, we can
also compute the corresponding joint association matrix
H,;; node degree matrix D,,; and hyperedge degree
matrix B,,; of the jth student as shown in the left part of
Fig. 2(d) by (2) and (3).

Definition 7 (Hypergraph Attention): Hypergraph attention
[34] can capture higher-order interactions between nodes within
a hyperedge by computing attention scores. Suppose embedded
node matrix X € R”* for a given hypergraph, the related scaled
dot-product attention [10] is defined as follows:

(XWo)(XWi)"
Vdx

where trainable weights Wy, Wy € R W, e R are the
query, key, and value projection matrices, respectively. They lin-
early may X to different space. P is the total number of nodes in
the hypergraph and d, dk, dy are the latent dimensions.

As shown in Fig. 3, the correlation matrix QKT = XWy)
X WK)T is first calculated to indicate the attention score between

Attention(X) = Softmax ( ) Xxwy) @)
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Fig. 3.  Flowchart of self-attention mechanism.

nodes in the hypergraph. Then, the dot product is scaled by 1/+/dx
and a softmax function is applied to normalize the attention weights
on each value in V = XW,. Finally, each node embedding is
updated by a weighted sum of the values from all nodes.

Authorized licensed use limited to: HUNAN UNIVERSITY. Downloaded on

B. Algorithms

As shown in Fig. 2, the four components of MGKT are the
heterogeneous forgetting GCN, the dual-channel directed multi-
graph communication module, the LSTM-hypergraph-attention
convolution module, and the prediction module.

1) Heterogeneous Forgetting Graph Convolutional Network
(HFGCN): Following [26], the forgetting behavior diagnosis is
not only influenced by time interval but also other two factors as
follows, i.e. temporal cross-effect and occasional interference.

a) Temporal cross-effect indicates that the knowledge
state (or exercise mastery) of a target skill is influenced
by both the previous interactions of the same skill and
those of the other skills. As shown in Fig. 4(a), the
black line denotes the dynamic change of knowledge
state, the blue line denotes the moment an interaction
occurs, and the dashed line denotes the steady state
after the interaction completes. For example, although
the student wrongly answers the exercise of target skill
A at the moment £, and breaks off the related exercises
of the same skill for a long time, its knowledge state
still shows upward trend due to temporal cross-effect.

November 17,2025 at 06:03:49 UTC from IEEE Xplore. Restrictions apply.
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Fig. 4. Influence of: (a) temporal cross-effect; and (b) occasional interference

on forgetting behavior diagnosis.

b) Occasional interference denotes that one bad performance
in exercise may not result from forgetting behavior but
other occasional factors, such as nervousness and care-
lessness. Fig. 4(b) gives an example to illustrate occa-
sional interference case via the probabilities (prob.) of
correct answers by some KT model. Each interaction con-
sists of sequence number (seq.#), skill number (s#), exer-
cise number (g#) and the corresponding response. The
green denotes the right answer and the red denotes the
wrong. As can be seen in the left part of Fig. 4(b), if a stu-
dent performs poorly on a succession of exercises of
same skill, then the student may have indeed forgotten
the skill. And the declining prob. actually reflects the con-
tinuity of forgetting effect. Otherwise, as shown in the
right part of Fig. 4(b), the student may just lose the point
by accident but have mastery of the skill. However, the
prob. of g, by the KT model is greatly influenced by the
previous bad interaction on g, while receiving no feed-
back from the subsequent good interactions with the
same skill s3.

Hence, considering the above respects, we introduce the
neighboring nodes to update the forgetting feature of the current
node in an exercise sequence by forgetting gating mechanism as
defined in Definition 7.

In Fig. 2(b), a heterogeneous information graph is applied to
illustrate the relationships among students, exercises, and skills.
Let {q;w li=1,2,...,0;} denotes the node multiset correspond-
ing to the finished exercise sequence by the jth (j€[1, S]) stu-
dent, the related forgetting feature vector of the current node
I, (i € [1, Q)]) is calculated as follows:
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1

S =Tanh
! A

Y o, Wb (5)
kqji € Aji
kyji & Aji
where W and b are the trainable weight and bias, respectively.
g;  represents neighboring nodes. Aji (Eq, i € Ajp) denotes a set
5]
of the neighboring nodes of ¢; . Q; is the length of exercise
sequence of the jth student. Then, the updated node g7 ~ can be

represented as
g, , = Tanh (fﬂ 2] qE,,,;) . (6)
Finally, the output of the HFGCN is obtained as
7, = Concat (i;m , ?E,,,jz’ i?,,, fQ,)' )

2) Dual-Channel Directed Multigraph ~Communication
(DcDMC) Module: The connection between exercise-response
and skill-response is also one of the important factors for knowl-
edge tracing [35]. However, single exercise-response or skill-
response is not enough to characterize the student knowledge
structure. Therefore, we construct a dual-channel directed multi-
graph communication module to capture the connection.

First, we use the exercise-response sequence and correspond-
ing skill-response sequence to construct directed multigraphs as
shown in Fig. 2(c). The directed multigraph propagation process
can be formalized as follows:

8q.j = (qkfhjl’qk;,/zﬁ ceey qk;,,-gj) D (rkf-,jl’ Tk jns oo rkﬂ,/Ej)
gs,j = (spi,jl’spﬁ,jz’ ""Spi,jgf) ©® (rpi,jl’ rplr,jZ’ e rPi,jEj)
3)
5 . .
where V,, = {(qkfm,rk;,,/,)h: 1,2,...,Ej} is the extended

exercise-response sequence and Vd,x = {(s,,; o) ,_,_)| i=

1,2, Ej} is the related skill-response sequence of the jth stu-
dent, where k., k. prac€ll, M, pii;€[l, Nl and
1 Ty €{0,1}. E; denotes the length of the extended
exercise-response sequence or the corresponding skill-response
sequence.

Then, we employ a graph communication layer integrates g ;
and g, ; of the jth student as

SJi?

Bij=8,jWsj+bs; )
Boj = 84Wait+ by (10)
o = Concat(ﬂ_w-, /f’q,j) @ Concat (gs‘j,gq‘]) (11)

where W,;, W,; are the trainable weights, b,;, b,; are the
trainable biases, B ;, B,; are directed graph features through
the fully connected layer and a; is the result after aggregat-
ing the graph communication layers.

Finally, we initialize azj(l) =o; and input it into the gated
recurrent unit (GRU) to extract knowledge hidden status h; of
the jth student. In the rth iteration, the update process of the new
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knowledge hidden state /z (t € [1, T]) is formulated as fol-

lows:
2 = a(a}’) W, + lzj(’_l)Uz) (12)
= o(zxj@ W, + hj("”Ur) (13)
7 =Tanh (o W+ 0 0"V 0,) (14)
20 =" on! + (1 - z]@) o (15)

where W, W,, W,, U, U,, U, are trainable weights, z]@
denotes the update gate that determines how much of the
previous hldden state lz( Y to incorporate into the new hid-
den state h r]() denotes the reset ate that determlr(lgts how
much of the previous hidden state /l ) to forget. ;" is the
candidate hidden state.

After total T iterations, the output y,; of the dual-channel
directed multigraph communication module is obtained as

=", (16)

3) LSTM-Hypergraph-Attention Convolution (LHAConv)
Module: Since the common pairwise representation between
exercise and skill may lead to information loss in transformation
of higher-order correlation into one-to-one correspondence
graph, we introduce hypergraph [22] to capture the higher-order
relationships between exercises and skills in the dynamic pro-
cess of student learning trajectory. As shown in Fig. 2(d), for an
exercise-response sequence of the jth student, we treat the com-
bination of each exercise and its response (qkq s ﬂ) as a node,
and the tuple (sp, .7, ,) consisting of skill and the related
response as hyperedge since each skill can be covered by multi-
ple exercises.

Due to the limitation of the nonlinear activation function used
by traditional hypergraph convolution [32] in complex informa-
tion exploitation from hypergraph structure, we select LSTM
instead and then the (/ 4+ 1)th hypergraph convolution layer
X,V (1€10, L-1]) is updated as follows:

X, =LST™M (D;ijM, /By Hj, Dy 0 W)) (17)

where D,;; and By,; are calculated by (2)~(3) with multiple
graph joint association matrix H,y;. 0" indicates trainable
parameters. ij is initialized as Xj@: Embedding(Concat(q,,
q2 ---s qu, S15 S2, ..., Sn)). Hypergraph convolution can per-
form node-hyperedge-node transform as illustrated in Fig. 2(d).
First, the input node embedding matrix X,-(]) is filtered by 0 to

extract features. Then, D;,,l j/-z and H},,’ ; are applied to gather the

node features and form the hyperedge feature. Finally, BMl P

H, ;, and D;,,l’jz are multiplied to update the node features by
aggregating the corresponding hyperedge features. Thus, the
hypergraph convolution can capture the complex and higher-
order connections in hypergraph.

Considering the different importance of each previous
exercise-response interaction to the future exercise performance,

Algorithm 1: MGKT.

Input: The historical learning logs of students
Output: The predicted future performance p¢
Initialize: Weights, bias parameters and embedding matrices

1:  Extract the exercise sequence and the skill sequence for each student
from the historical learning logs
forj < [1,S]do
Select the Q; exercise-response interactions of the jth student
fori c [1, Q)] do
Get forgetting feature vector f}; by Eq. (5)
Get updated forgetting node i;w by Eq. (6)
end for
Get the output v, of HFGCN by Eq. (7)

Get g, ; and g, ; from extended exercise sequence and the skill
sequence by Eq. (8)

Voo h el

_
e

Get a; after aggregating the graph communication layers by Eqgs.
O-(11)
11:  fort € [1,7]do

12: Get the update gate z( ), the reset gate 7; 0 , the candidate
hidden state It and the new hidden state Itj(’) by Egs. (12)—(15)
13:  end for

14:  Get the output y, of DcDMC by Eq. (16)
15 for! € [0,L-1]do

16: Get hypergraph convolution layer X;(*!) by Eq. (17)

17:  end for

18: Get the output y;, of LHAConv based on hypergraph by Eq. (18)

19: Integrate v,, v, and v,, and predict future performance by
Eqs.(19)-(21)

20: end for

we apply the attention mechanism in Definition 7 to obtain the
output v, of LHAConv module as

— Attention (X( ’) ox®, (18)
4) Prediction Module: Integrating the outputs of HFGCN,

DcDMC, and LHAConv modules, we predict the probability p
of each student correctly answering the next exercise as follows:

Pa=0aWa+ba) (19)
= o(Concat((y, © ), 72) W, + &) (20)
po =a|( Y Softmax(p, ©p,)> (p,©p,) @1

where W, W, are trainable weights and b, b, are train-
able biases.

5) Loss Function: We choose the cross-entropy log loss
between the predicted py and the true label yor as the objective
function

Loss == [vologpg + (1-yg)log(1-pg)].  (22)
Ql
The training process of our proposed MGKT model is
described in Algorithm 1.
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TABLE II
SUMMARY OF DATASETS STATISTICS

Datasets #Exercise #Skill #Student #Record
ASSIST2009 17 737 123 3852 282 619
EdNet 12 150 189 5000 713 631
ASSIST2017 3162 102 1709 942 816
TABLE III
SUMMARY OF METHODS
Variant Memory Graph  Convolution Attention
Method Mechanism  Structure Network Mechanism
DKT
DKT+Forget N
DKVMN J
CKT N V
AKT J
GIKT N
SGKT N N V
DGEKT N
MGKT N V \ v

IV. EXPERIMENTS

In this section, we provide comprehensive evaluations of the
advantages and performance of the proposed algorithm. There
are comparison and ablation experiments on three real-world
datasets, module comparison experiments, hyper-parameter sen-
sitivity analysis, and visualization case study.

A. Datasets

Three real-world datasets are used in the experiments. Table II

lists the summary of dataset statistics.

1) ASSIST2009' is a public dataset published by the
ASSISTments online education platform during the
school year 2009-2010 and is commonly used for accu-
racy validation of KT models.

2) EdNer* is a large-scale public dataset provided by an
Al-guided learning system Santa and contains 131 441
538 interactions collected from 784 309 students. In our
experiments, we randomly choose the response records
of 5000 students, which contain 12 150 exercises and
189 knowledge skills.

3) ASSIST2017° was provided by ASSISTments Data Min-
ing Competition 2017.

B. Baselines

Our MGKT is compared with eight baseline KT modules,
including DKT [8], DKVMN [9], CKT [23], DKT+Forget [25],
GIKT [15], SGKT [17], DGEKT [35], and AKT [11]. Table III
summarizes the modules included by each method. All experi-
ments are conducted in Windows 10 operating system, a host
computer with an Intel(R) Core(TM) 19-9900K CPU at 3.60
GHz and 64 GB of RAM.

! ASSIST2009:https://sites.google.com/site/assistmentsdata/home/assistment-
2009-2010-data/skill-builder-data-2009-2010

2EDNET:https:/github.com/riiid/ednet

3ASSIST2017:https://sites.google.com/view/assistmentsdatamining/data-
mining-competition-2017
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For MGKT, we set the embedding size of exercises and skills
to 300, the number of aggregation layer of heterogeneous infor-
mation graphs to 3, the learning rate to 0.00025, and the batch
size to 9. All parameter matrices are randomly initialized.

C. Comparison Experiment

Table IV shows the overall performance with respect to the
student performance prediction task, where we set the train-test
split ratio as 7:3, 8:2, and 9:1, respectively. To provide a robust
evaluation of the results, we use the area under the ROC curve
(AUC) and accuracy (ACC) and root mean square error
(RMSE) to measure the effect. As can be seen from Table IV,
the bold and underline fonts respectively denote the best and
second performance for each split ratio. The graph-structured
methods (i.e., GIKT, SGKT, DGEKT, and MGKT) generally
outperform the nongraph-structured methods (i.e., DKT, DKT
+ Forget, DKVMN, AKT, and CKT) in terms of AUC and
ACC on EdNet and ASSIST2017. When the ratio is 8:2, com-
pared with nongraph-structured methods, the AUC of MGKT
improves by 8.38%~14.2% on EdNet, 4.15%~11.79% on
ASSIST2009 and 9.17%~16.24% on ASSIST2017, respec-
tively. In terms of ACC, MGKT improves its performance on
the three datasets by 2.92%~6.8%, 1.21%~5.51%, and
5.63%~7.74%, respectively. Furthermore, MGKT achieves
52.27%, 50.08%, and 50.46% in RMSE on the three datasets,
respectively, and shows slightly worse performance than CKT.
In addition, compared with the graph-structured methods, the
(ACC, AUC, RMSE) of our MGKT significantly outperforms
the second-best SGKT model by (2.13%, 3.24%, —2.07%)
increase on ASSIST2017 with ratio 8:2, while only (0.53%,
0.76%, —0.51%) increase on EdNet and (0.3%, 0.8%, —0.3%)
increase on ASSIST2009, respectively. This is because the high
complexity of learning interactions in ASSIST2009 and EdNet
is more likely to produce redundant information to interfere
with the modeling process, and finally affect the prediction.
Overall, our MGKT performs the best on all three public
datasets.

D. Ablation Study

The ablation experiments are performed on three datasets to
further validate the effectiveness of each module of MGKT.
Fig. 5 illustrates the AUC and ACC results with train-test split
ratio 8:2. And the other three competing models are outlined as
follows.

1) MGKT-HG contains only ordinary heterogeneous infor-

mation GCN.

2) MGKT-HFG contains only HFGCN.

3) MGKT-HFG&DGC contains only HFGCN and DcDMC.

As shown in Fig. 5, the AUC of MGKT-HFG is improved by
0.09%~0.78% and the ACC by 0.16%~0.31% compared with
MGKT-HG. It proves the advantages of forgetting mechanism.
Furthermore, MGKT-HFG&DGC surpasses MGKT-HFG by
3.30%~7.82% in AUC and 1.60%~4.49% in ACC with the help
of dual-channel directed multigraph communication module.
Finally, the addition of LHAConv improves MGKT-HFG&DGC
by 0.68%~1.22% in AUC and 0.16%~0.88% in ACC.
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TABLE 1V
COMPARISON EXPERIMENT RESULTS ON DIFFERENT DATASETS

EdNet ASSIST2009 ASSIST2017
Model Ratio  ACC AUC  RMSE  ACC AUC  RMSE  ACC AUC  RMSE Runtime
(T, %) (T, %) (1, %) (T, %) (T, %) !, %) (T, %) (1, %) !, %) (], min)
DT 73 6681 62.08 57.61 72.08 71.22 52.84 66.59 65.86 57.88
8:2 65.88 61.87 58.41 72.60 68.12 52.35 66.79 64.94 57.63 3
(2015) 9:1 68.74 64.21 5591 72.52 73.27 52.42 66.73 65.00 57.68 =
73 66.89 65.38 57.54 71.58 66.93 5331 68.90 72.11 55.77
DKT+Forget 8:2 67.07 65.62 57.39 72.14 68.13 52.78 68.90 72.01 55.77 3
(2019) 91 69.38 67.58 55.33 72.23 68.28 52.69 68.36 71.77 56.25 =
73 64.87 67.68 59.27 72.47 69.99 52.47 67.47 69.43 57.03
DKVMN 8:2 66.34 65.87 58.02 72.84 70.25 52.11 67.68 69.13 56.85 3
(2017) 91 69.29 68.07 55.42 72.90 78.57 52.06 67.35 69.32 57.14 =
73 67.96 66.55 45.54 73.13 7252 43.04 68.04 70.23 45.40
CKT 8:2 68.60 66.29 45.41 73.49 75.69 4253 67.98 70.10 45.40 2
(2020 9:1 69.32 66.64 45.07 73.87 75.22 4232 68.27 70.25 4521
73 69.89 67.69 54.87 72.50 75.93 52.44 66.97 67.27 57.47
AKT 8:2 69.70 67.69 55.04 73.70 75.76 51.29 67.39 67.42 57.10 7
(2020 9:1 69.96 67.69 54.81 7221 77.69 5272 67.57 67.30 56.94
73 71.54 74.09 53.35 73.92 77.94 51.07 7233 77.86 52.60
GIKT 8:2 71.61 74.02 53.28 73.84 77.88 51.14 7235 77.86 52.58 8
(2020 9:1 72.07 74.88 52.66 73.14 76.96 51.82 73.04 78.60 51.93
73 71.95 75.08 52.96 74.43 78.96 50.56 72.30 77.80 52.62
SGKT 8:2 72.15 7531 52.78 74.61 79.11 50.38 72.40 77.94 52.53 21
(2022) 9:1 T2.84 75.85 52.11 73.58 77.94 51.39 72.61 7837 5233
73 71.11 71.86 53.74 66.44 66.67 57.93 71.78 77.28 53.12
DGEKT 8:2 70.72 71.57 5411 69.24 69.40 55.32 72.13 77.81 5270 30
(2024) 9:1 71.18 71.92 53.69 67.20 67.32 57.27 7274 78.07 5221
73 72.65 76.20 52.30 74.75 79.83 50.25 73.99 80.15 51.00
MGKT 82 72.68 76.07 ] 74.91 79.91 50.08 74.53 81.18 50.46 58
9:1 73.49 76.68 3749 75.00 79.35 79.99 74.52 81.17 30.74
Note: Bold font denotes the best performance, underline font denotes the second.
MGKT-HG BN MGKT_HFG MGKT_HFG&DCG I MGKT TABLE v
ACC AND AUC RESULTS OF SCDM AND DCDMC
0.78 0.800
ASSIST2009 ASSIST2017
0.76 0.7751
Model ACC AUC ACC AUC
) 0.74 o 07507 (T, %) (T, %) (T, %) (T, %)
S om 2 o725 SA-DGC 7518 80.05 73.90 80.11
: QA-DGC 75.07 79.96 73.90 80.10
0.70 | 0.700 ‘ MGKT 75.21 80.15 73.97 80.13
0.68 I
0.6751

0.6 y y y y ;
ASSIST2009 ASSIST2017  EdNet ASSIST2009 ASSIST2017 ~ EdNet

Fig.5. AUC and ACC of ablation experiment on different datasets.

E. Runtime Comparison

The last column in Table IV lists the average running time
per epoch for all the methods on ASSIST2017. As can be seen,
the runtime cost of graph-structured KT methods is generally
higher than the nongraph-structured ones. Moreover, the run-
time of MGKT is longer than other competing methods. By ana-
lyzing the procedure, the extra time spent by MGKT is mainly
related to multiple graph generation and integration, which leads
to an increase in physical memory and computational require-
ments while improving the accuracy in KT task.

F. Analysis of DcDMC Module

In Table V, we compare the single-channel directed multi-
graph (ScDM) module and DcDMC module based on
ASSIST2009 and ASSIST2017. We have designed three struc-
tures as follows.

1) SA-DGC contains an ScDM of skill-response relationship.

2) QA-DGC contains an ScDM of exercise-response

relationship.

3) MGKT contains a DcDMC of both skill-response and

exercise-response relationships.

Applying dual-channel module, MGKT increases by
0.02%~0.19% in AUC and 0.03%~0.14% in ACC on two data-
sets compared with the single-channel based methods SA-DGC
and QA-DGC. This is because the single-channel graph is not
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Fig. 6. AUC and ACC of hypergraph convolution modules on: (a)
ASSIST2009; (b) ASSIST2017; and (c) EdNet.

enough to characterize the simultaneous changes in both
exercise-response and skill-response sequences, and the rela-
tions between them, thus may lead to bias in the prediction of
student’s knowledge states.

G. Analysis of LHAConv Module

To demonstrate the effectiveness of the hypergraph convolu-
tion module, we compare the LHAConv with several existing
hypergraph convolutions via AUC and ACC with train-test split
ratio 8:2. Below describe these hypergraph convolution
methods:

1) HConv [32] is the original hypergraph convolution

method with the convolution layer defined as

X0 = o (D5, P Hy By, M, D 2X000).23)

2) JHConv [33] denotes jump hypergraph convolution. It
considers both its original features and aggregated
related representations. The inclusion of jump connec-
tions helps the model avoid the information dilution
caused by additional connection integration. The convo-
lution layer is defined as follows:

X = o (D5 i B3 1 D30 X000+ 20 ).
24)

3) LHConv denotes a hypergraph convolution structure of
MGKT that contains only LSTM and no attention
mechanism.

4) MGKT contains LHAConv, a hypergraph convolution
structure with both LSTM and attention mechanism.

As shown in (23) and (24), we replace the association matrix
H of hypergraph in the original HConv and JHConv with the
multiple graph joint association matrix H,,. Fig. 6 shows the
AUC and ACC of the four hypergraph convolutions of LHA-
Conv, LHConv, JHConv, and HConv on the three datasets.
First, although LHConv shows slightly worse performance than
HConv and JHConv on ASSIST2017, it surpasses them about
0.06%~4.42% in AUC and 0.09%~0.23% in ACC on the other
two datasets. Second, MGKT improves LHConv by
0.87%~2.59% in AUC and 0.37%~0.98% in ACC with the
help of attention mechanism. In all, the results demonstrate the
superiority of LSTM in learning the higher-order connections
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Fig. 7. Hyper-parameter sensitivity analysis of embedding size and batch size.

and attention mechanism in capturing the potential differences
within hypergraph.

H. Hyper-Parameter Sensitivity Analysis

In this section, we investigate the sensitivity of hyper-
parameters such as embedding size and model batch size in
MGKT based on AUC. As shown in Fig. 7, the embedding size
and batch size are set as [100,200,300,400] and [3], [6], [9],
[12], respectively.

1) For the knowledge state embedding size, the model per-
formance increases steadily when the embedding layer
gradually increases, but there is a gradual decrease after
reaching a certain level. This is due to the fact that when
the embedding layer is too large, the representations of
knowledge states become mixed and indistinguishable,
which affects the final prediction results of the model.

2) For the model sample size, the model performance main-
tains a steady upward trend when the sample size ranges
from 3 to 9, but the performance decreases rapidly as the
sample size increases further. This is due to the reduced
generalization ability of the model as a result of the large
number of samples.

Overall, MGKT has good model stability and the optimal val-

ues of its hyper-parameters are easily determined.

1. Cold Start

Cold start is one of the problems to be addressed in real-
world educational datasets. Following [17], we compare the per-
formance of DKT, SGKT, and MGKT in the following two cold
start situations on ASSIST2017.

1) Scenario 1 is to train model with a few student interac-

tions and apply it to new unseen samples. As shown in
Fig. 8(a), we conduct experiments using different pro-
portions of students in the training dataset. As the per-
centage of student ranges from 1% to 15%, both MGKT
and SGKT increase in ACC and AUC, and decrease in
RMSE. In addition, MGKT improves AUC by
7.05%~11.92% over DKT and 2.31%~10.74% over
SGKT, ACC by 3.45%~9.21% over DKT and
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Results of cold start problem in: (a) Scenario 1; and (b) Scenario 2.

1.56%~7.56% over SGKT, and RMSE by —-4.4% ~
—2.79% over DKT and -5.97% ~ —1.39% over SGKT.
Scenario 2 occurs when new students with short exercise
sequences result in insufficient features into the KT
model. We classify the training data into four groups
with different ranges of exercise sequence length, i.e. (0,
5], (0, 101, (0, 20] and (0, 50]. Each training exercise
sequence in this scenario is extracted from the corre-
sponding original sequence. Obviously, the first group
meets the most difficult situation because such short
exercise sequence in this group easily leads to insuffi-
cient information for graph structure construction. As
can be seen in Fig. 8(b), the three models generally grow
in ACC and AUC and decline in RMSE as the range of
training sequence length enlarges. Besides, MGKT sur-
passes SGKT by about 2%, 1.5%, —1% and DKT by
about 7%, 4%, —3% in terms of average AUC, ACC, and
RMSE, respectively.

J. Visualization Case Study

Fig. 9 presents a knowledge tracing case of a certain student
via the probabilities of correct answers by MGKT. The answer-
ing sequence has total 275 interactions. For a better illustration
of the knowledge tracing process, we select some parts of the
answering sequence in Fig. 9. The main findings are listed
below.

1y

2)

From seq. 35 to seq. 38, MGKT produces a lower pre-
diction for g;¢g5 following a wrong answer for g;¢95 and
produces higher predictions for gzg99 and g3¢74 after two
successive correct answers since MGKT detects that
these exercises relate to the same latent skill s4. The sim-
ilar patterns are obtained from seq. 129 to seq. 132 and
from seq. 176 to seq. 182. The slight fluctuation in the
predictions for gs;1g and g4995 may result from the rela-
tions between the covered skill and the other skills.

MGKT produces the similar predictions for g4;33 and
qa622 because the two exercises cover the same skill ss9

Fig. 9.

37 (4, 3690) 0491 181 (131, 4966) 0.151
38 (4, 3674)
39 (92, 3661)

0.617 182 (131, 5104)
0.930 | 183 ( 39, 8509)

0.619
0.977

Case study of a certain student in ASSIST2009.

and the corresponding interactions are close in time. By
comparison, MGKT predicts a lower probability for
q4537 because sso required by g4s37 indicates a higher
forgetting chance due to the long-time interval between
seq. 30 and seq. 133. However, g74; shows higher exer-
cise mastery than ¢,47 with the same skill s35 despite of
long time interval. This may indicate the different forget-
ting rate of different skills.

These findings not only support the effectiveness of MGKT
in capturing forgetting feature and higher-order semantic infor-
mation in student’s learning process, but also bring the follow-
ing inspirations to educators.

1) Dig Into Knowledge Correlation: The educators should

pay attention to the relevance among skills instead of
emphasis on independence of each skill or exercise, and
help students construct knowledge framework. Based on
the mistake collection by each student, educators can
determine the range of skill weakness according to the
knowledge correlation and then conduct targeted
tutoring.

2) Grasp Forgetting Pattern and Timing of Review: Differ-

ent skills show differences in forgetting rate. The educa-
tors can schedule the review session according to the
forgetting rate and other features of each skill. For exam-
ple, skills with high forgetting rate require an increase in
review frequency, while skills with low forgetting rate
enable appropriate reduction in repetition and thus the
time saved can be put into the study of other important
and difficult skills.

3) Optimize Teaching Resource and Exercise Design:

When designing course assignment, the educators can
distribute the exercises with same skill into different
time periods to avoid student’s short-term memory
resulted from concentrated practice and then failure in
knowledge mastery. At the same time, the assignment or
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teaching resource should also cover as many types of
exercises with same skill as possible. For instance, stu-
dent’s knowledge proficiency may differ between appli-
cation and calculation problems due to the
understanding of the text contents.

V. CONCLUSION

In this article, we proposed a MGKT model. First, we incor-
porated the forgetting behavior into the heterogeneous informa-
tion graph convolution module of MGKT. Second, we studied

the

temporal sequentiality and correlations of both exercise-

response and skill-response sequences and then constructed a
dual-channel directed graph communication module for MGKT
to characterize student’s knowledge state during exercise-
response process. Finally, we developed a hypergraph convolu-
tion module with LSTM and attention mechanism to capture
higher-order correlations of knowledge sequences. To verify the
effectiveness of MGKT, we conducted extensive experiments
on three public datasets, including comparison experiment, abla-
tion study, module analysis, hyperparameter sensitivity analysis,
and case study. The results validated the advantages of MGKT
in effectiveness and interpretability over some state-of-the-art
KT models.
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