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ABSTRACT

Vocational bachelor’s practical training platforms play an important role in cultivating high-level
technical talents, where accurately evaluating students’ learning progress is essential for personalized
guidance and adaptive training optimization. Knowledge tracing provides an effective way to infer
students’ evolving knowledge states from historical learning interactions. However, existing methods
still suffer from two limitations: they usually fail to jointly model static knowledge structures and
dynamic cognitive evolution, and they often ignore personalized forgetting behaviors caused by time
intervals, skill characteristics, and repeated practice. To address these issues, this paper proposes a
personalized forgetting-aware multi-view graph knowledge tracing method for student performance
evaluation in vocational bachelor’s practical training platforms. Specifically, a multi-view graph
aggregation module is first constructed, where a heterogeneous graph captures high-order semantic
relations among students, exercises, and skills, while a session graph models the temporal evolution of
students’ response-aware knowledge states. Then, a personalized forgetting-aware calibration module
is designed to estimate individualized forgetting intensity by jointly considering hidden knowledge
states, exercise representations, skill representations, time intervals, and historical practice frequency.
Based on the calibrated knowledge state, an adaptive performance evaluation module integrates target
exercise information, related skill representations, and historical learning experience for response
prediction. Furthermore, a forgetting-aware adaptive loss is introduced to emphasize cognitively
unstable and uncertain interactions during optimization. Experimental results on benchmark datasets
show that the proposed method consistently outperforms representative knowledge tracing baselines

in terms of AUC, ACC, and Recall.

1. Introduction

With the continuous deepening and structural adjust-
ment of the higher education system, vocational bachelor’s
education has become an important field for cultivating high-
level, interdisciplinary, and application-oriented technical
talents, while also facing unprecedented opportunities and
challenges [1, 2, 3]. Unlike general undergraduate education,
which emphasizes the construction of theoretical knowledge
systems, and unlike traditional higher vocational education,
which focuses mainly on job-oriented skill training, vo-
cational bachelor’s education stresses the deep integration
of theoretical knowledge, technical application, engineering
practice, and professional competence [4, 5, 6]. Its funda-
mental goal is to cultivate high-quality technical talents who
can adapt to industrial upgrading, technological innovation,
and increasingly complex occupational requirements. In the
context of a new round of scientific and technological revo-
lution and industrial transformation, enterprises have placed
higher demands on students’ practical ability, comprehen-
sive application ability, innovation ability, and continuous
learning ability [7, 8]. Traditional practical training modes,
which mainly rely on single-skill training, fixed operational
procedures, and result-oriented assessment, are no longer
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sufficient to meet the advanced requirements of vocational
bachelor’s talent cultivation. Therefore, the experimental
and practical training system of vocational bachelor’s ed-
ucation is undergoing a profound transformation from tra-
ditional practical training to comprehensive experimental
training. This transformation is reflected in the shift from
isolated skill practice to integrated multi-skill training, from
verification-oriented experiments to project-based, compre-
hensive, and open-ended practice, and from final-score-
oriented evaluation to process-oriented assessment of learn-
ing development, competence formation, and continuous
improvement [9].

In this process, accurately and effectively evaluating
the training effectiveness of the experimental and practical
training system has become a key issue for improving the
quality of vocational bachelor’s education [10]. Existing
evaluation approaches mainly depend on course grades,
practical training reports, teacher ratings, or stage-based
assessments. Although these methods can reflect students’
final performance to some extent, they are insufficient for
revealing changes in knowledge mastery, skill development
trajectories, competence weaknesses, and learning forgetting
during the training process [11]. They also provide limited
support for the precise adjustment and continuous opti-
mization of the practical training system. Without dynamic
perception and scientific evaluation of training effectiveness,
the experimental and practical training system may remain
at the static level of task completion and result recording,
making it difficult to form a closed-loop mechanism of
effect evaluation, problem diagnosis, system adjustment, and
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quality improvement. Therefore, for vocational bachelor’s
experimental and practical training systems, it is neces-
sary to develop an intelligent method that can characterize
students’ knowledge and skill mastery, reflect changes in
the training process, and support precise evaluation and
optimization decisions, thereby providing effective support
for the continuous improvement of practical training systems
and the enhancement of talent cultivation quality [12].

Knowledge tracing, as a dynamic learner-state modeling
method in educational data mining and intelligent educa-
tion, provides a feasible technical foundation for evaluating
the effectiveness of vocational bachelor’s practical train-
ing platforms [12, 13]. Its essential goal is to analyze stu-
dents’ historical interaction sequences in learning platforms
or training systems, infer their mastery levels of knowl-
edge concepts, skill units, or practical competence compo-
nents, and predict their future performance in subsequent
tasks, projects, or assessments. In the context of vocational
bachelor’s practical training, knowledge tracing should not
be limited to estimating whether a student has mastered
a theoretical concept. Instead, it can be extended to the
continuous evaluation of operational skills, project imple-
mentation ability, engineering thinking, and comprehensive
practical competence. Specifically, students’ experimental
procedures, project submissions, code revisions, device op-
erations, stage tests, error feedback, and repeated training
behaviors can all be regarded as educational interaction data
[14]. By sequentializing, structuring, and graph-modeling
these data, knowledge tracing models can construct dynamic
profiles of students’ competence states, thereby providing
a fine-grained, process-oriented, and interpretable basis for
evaluating the training effectiveness of practical training
systems [15].

Existing knowledge tracing methods can generally be
divided into three categories. The first category is sequence-
based knowledge tracing [16]. This type of method treats
students’ historical learning behaviors as temporally ordered
interaction sequences and uses recurrent neural networks,
long short-term memory networks, or attention mechanisms
to capture the temporal evolution of students’ knowledge
states [17]. Sequence-based methods are useful for modeling
how students progress from basic training tasks to compre-
hensive projects, because they can represent temporal de-
pendencies in continuous learning processes [18]. However,
they often compress knowledge states into unified latent
vectors, which may overlook the structural relationships
among different skills and the cognitive differences among
individual students [19]. The second category is memory-
network-based knowledge tracing. These methods introduce
external memory matrices to store students’ mastery levels
of different knowledge concepts or skill units and update
these states through reading and writing operations [20, 21].
Compared with purely sequential models, memory-network-
based methods can provide a more explicit representation
of concept-level mastery and can better describe students’
competence changes across different practical training mod-
ules. Nevertheless, their state updating processes are usually

implemented through implicit neural operations, making it
difficult to provide sufficient explanations for forgetting,
repeated practice, and personalized learning characteris-
tics [22, 23]. The third category is graph-structure-based
knowledge tracing [24]. This type of method constructs
graph structures among students, tasks, projects, knowledge
points, and skill units, and employs graph neural networks to
mine dependency relations and high-order semantic infor-
mation. Graph-based methods are particularly suitable for
vocational bachelor’s practical training platforms because
practical tasks often involve prerequisite relations, skill com-
binations, and project-level dependencies [25, 26].

However, existing knowledge tracing methods still face
two major limitations when applied to student performance
evaluation in vocational bachelor’s practical training plat-
forms. First, most existing methods fail to jointly model
static knowledge structures and dynamic cognitive evolution
in a unified framework. Sequence-based models mainly fo-
cus on temporal response patterns, but they usually ignore
the high-order semantic relations among students, exercises,
and skills. In contrast, graph-based methods can capture
structural dependencies, but they often insufficiently de-
scribe how students’ knowledge states evolve along contin-
uous practical training activities. This separation makes it
difficult to comprehensively represent the complex learn-
ing process in practical training scenarios. Second, current
methods usually model forgetting with a shared or simplified
temporal decay function, while ignoring the personalized na-
ture of knowledge retention. In real learning environments,
forgetting is jointly affected by students’ current knowledge
states, exercise characteristics, skill properties, time inter-
vals, and repeated practice frequency. Without explicitly
modeling these individualized forgetting factors, existing
methods may overestimate outdated historical interactions or
underestimate the memory consolidation effect of repeated
practice, leading to less reliable student performance predic-
tion.

To address the above limitations, this paper proposes
a personalized forgetting-aware multi-view graph knowl-
edge tracing method for student performance evaluation in
vocational bachelor’s practical training platforms. Specifi-
cally, this paper first constructs a multi-view graph aggre-
gation module to jointly model static and dynamic learn-
ing information. A heterogeneous graph is built to capture
high-order semantic relations among students, exercises, and
skills, while a session graph is introduced to characterize
the temporal evolution of students’ response-aware cognitive
states. In this way, the model can simultaneously exploit
structural knowledge dependencies and sequential learning
transitions. Furthermore, this paper designs a personalized
forgetting-aware calibration module to explicitly estimate
the forgetting intensity of each student on specific skills. The
module jointly considers hidden knowledge states, exercise
representations, skill representations, time intervals, and
historical practice frequency, thereby modeling both knowl-
edge decay and memory consolidation caused by repeated
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practice. Based on the calibrated knowledge state, an adap-
tive performance evaluation module is further developed
to integrate target exercise information, related skill repre-
sentations, and historical learning experience for response
prediction. Finally, a forgetting-aware adaptive loss is intro-
duced to assign larger optimization weights to cognitively
unstable and uncertain interactions, improving the reliability
of student performance evaluation.
The contributions of this paper are listed as follows:

e This paper proposes a personalized forgetting-aware
multi-view graph knowledge tracing method for stu-
dent performance evaluation in vocational bachelor’s
practical training platforms, which jointly models
static knowledge relations, dynamic cognitive evo-
lution, and individualized forgetting behaviors, to
provide a more comprehensive solution for practical
training evaluation.

e This paper designs a multi-view graph aggregation
module and a personalized forgetting-aware calibra-
tion module where the heterogeneous graph captures
high-order semantic relations among students, ex-
ercises, and skills, while the session graph models
response-aware cognitive evolution. Meanwhile, the
personalized forgetting mechanism estimates knowl-
edge decay by considering knowledge states, exercise
and skill representations, time intervals, and repeated
practice frequency.

e This paper conducts extensive experiments on bench-
mark datasets to evaluate the effectiveness of the
proposed method. Experiment results show that the
proposed method consistently outperforms represen-
tative knowledge tracing baselines in terms of AUC,
ACC, and Recall.

2. Related Works

2.1. Researches on Knowledge Tracing

Early researches on knowledge tracing is rooted in
educational psychology and cognitive science, and primarily
relied on conceptual models to quantify the evolution of
learners’ knowledge states. Bayesian Knowledge Tracing
models the discrete transition of knowledge states within
a hidden Markov framework, while Item Response Theory
predicts learner performance by characterizing the interac-
tion between student ability and item difficulty [27, 28, 29].
Although these approaches offer strong interpretability,
their reliance on strong Markov assumptions and limited
parametric capacity makes it difficult to capture long-range
dependencies in learning sequences and fine-grained cog-
nitive heterogeneity among learners. With the rapid de-
velopment of deep learning, knowledge tracing has grad-
ually evolved along three major technical paradigms: se-
quential models, memory-augmented models, and graph-
based models. Sequential models exploit autoregressive
architectures to capture temporal dependencies in learn-
ing interactions. For example, DKT [4] first introduced

LSTM into knowledge tracing, enabling end-to-end map-
ping from interaction sequences to latent knowledge states.
Subsequent Transformer-based models, such as SAKT [24],
AKT [11], and DTransformer [12], further leverage self-
attention mechanisms to model long-range dependencies,
while DIMKT [13] and CL4KT [14] enrich sequential
representations through difficulty-aware embeddings or con-
trastive learning. However, these methods typically com-
press knowledge states into unified latent vectors or black-
box representations, thereby overlooking the intrinsic mech-
anisms of cognitive structures and the fine-grained model-
ing of individual differences. Memory-augmented models
introduce external memory modules to enhance the repre-
sentational capacity and interpretability of internal states.
A representative example is DKVMN [9], which maps
knowledge concepts to external key-value memory slots and
dynamically reads from and writes to them to track concept
mastery. Nevertheless, the modeling of learning regularities,
such as forgetting, still largely depends on implicit matrix
updates and lacks explicit cognitive or pedagogical meaning.
Graph-based models focus on explicitly capturing topo-
logical dependencies among knowledge concepts. Models
such as GKT [10], SGKT [15], and GIKT [16] construct
graph structures over learners, questions, and knowledge
concepts, and employ graph neural networks for information
propagation. However, static graph topology is insufficient
to reflect the temporal evolution of knowledge structures.
Although HawkesKT [22], IEKT [21], and GIKT-Dyn [23]
further incorporate dynamic mechanisms into graph-based
knowledge tracing, the complexity of graph propagation still
makes it challenging to develop a lightweight and unified
framework that can jointly handle individual cognitive het-
erogeneity and multifactorial knowledge evolution.

2.2. Researches on Forgetting Behavior

Inspired by the Ebbinghaus forgetting curve, recent stud-
ies have increasingly investigated how factors such as time
intervals and repeated practice affect knowledge forgetting.
Traditional BKT and its variants primarily focus on the
process of knowledge acquisition, while modeling forget-
ting only in a relatively coarse-grained manner. Although
Yudelson et al. [25] incorporated individual differences into
knowledge tracing, they did not systematically characterize
the dynamic nature of forgetting. The emergence of deep
learning has provided new perspectives for modeling for-
getting behavior. Nagatani et al.[26] were among the first
to introduce a time-decay function into deep knowledge
tracing, but their approach considers only a single temporal
factor. Pandey et al. [17] incorporated learning time intervals
in RKT, yet did not account for the effect of repeated
practice. Ghosh et al. [20] enabled dynamic adjustment
of forgetting rates in AKT, thereby improving contextual
adaptability. Bai et al. [18] proposed LefoKT, which disen-
tangles forgetting from question relevance through relative
forgetting attention; however, its parameter design still re-
lies on local windows. Kuling et al. [19] introduced Heb-
bian decay in KUL-KT to simulate biologically inspired
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forgetting, but did not consider the moderating effect of
concept difficulty. Overall, although existing research on
forgetting modeling has gradually shifted from single-factor
assumptions toward multi-factor formulations, it still suffers
from two common limitations: insufficient integration of
multiple forgetting-related factors and inadequate modeling
of individual-specific forgetting patterns.

3. Method

3.1. Problem Definition

To systematically evaluate learning progresses of stu-
dents in vocational bachelor’s practical training platform
evaluating, this paper first defines the student performance
prediction task and its underlying relational structures.

Student performance prediction. Given a student’s
historical exercise sequence from time step 1 tot — 1 in a
digital teaching platform, denoted as

Eym1 = (e ay),(ep, ap), .., (g, a,1) (D

where e; denotes the exercise at time step i, and a; denotes
the corresponding response result. The goal of student per-
formance prediction is to estimate the probability p; that the
student will correctly answer the next exercise at time step t.

Heterogeneous graph. The static correlations among
students, exercises, and skills are modeled as a heteroge-
neous graph

Gh = {Vh’Ah}’ (2)

where V), is the set of nodes consisting of three types of en-
tities, namely students, exercises, and skills. A, = {ry,rc}
denotes the set of relation types, where r, represents the
answering relation and r- represents the containment re-
lation. Three meta-relation paths are designed to construct
neighbors in the heterogeneous graph: exercises answered
by the same student, different exercises involving the same
skill, and skills co-occurring in the same exercise.

Session graph. To characterize the dynamic evolution
of students’ cognitive states, a session graph is constructed
as

G, ={V,,A,}, 3)

where V is the node set. Each node efi € V; is constructed
from the pair (e;, g;), and A, denotes the partial-order rela-
tion matrix reflecting the chronological order of the student’s
exercise sequence.

Based on the above definitions, this paper proposes a
personalized forgetting-aware multi-view graph knowledge
tracing method for vocational bachelor’s practical train-
ing platform evaluating. As shown in Fig. 1, the overall
framework consists of three major modules: a multi-view
graph aggregation module, a personalized forgetting-aware
calibration module, and an adaptive performance evaluation
module.

3.2. Multi-view Graph Aggregation

In knowledge tracing, student performance is affected
by both static relational attributes and dynamic sequential
features. Therefore, this paper proposes a multi-view graph
aggregation module. Specifically, a heterogeneous graph is
used to model the static topological correlations between
exercises and skills, while a session graph is employed to
describe the dynamic evolution of students’ cognitive states
over time. This design effectively improves the discrimina-
tive capability of student, exercise, and skill representations.

The heterogeneous graph representation extraction adopts
a wavelet graph convolution network to propagate informa-
tion along predefined meta-paths, thereby extracting exer-
cise and skill representations with domain-specific semantic
consistency. Given the i-th node f; in the heterogeneous
graph, which can represent either a skill state k; or an
exercise state e;, and its neighboring node set N, the
operation of the /-th wavelet graph convolutional layer is
defined as

p! = ReLU Y wow “

1

Vil JEN;ULi}

where ﬁf denotes the representation of the i-th node out-
put by the I-th wavelet graph convolutional layer, 8/ =
diag(#') is the learnable spectral-domain filter in the /-
th layer, ReLU(:) is the activation function, and y is the
heat-kernel wavelet basis matrix. The matrix y, transforms
graph signals from the spatial domain to the wavelet domain
and captures the local structural characteristics of nodes
at different scales s. After multi-layer propagation on the
heterogeneous graph G, = {V},, A;,}, the exercise represen-
tation ¢ and the skill representation k are obtained.

The session graph representation extraction fuses ex-
ercise representations with response feedback to construct
session-flow nodes, and then evolves students’ hidden knowl-
edge states through a gated mechanism on the session
graph. First, the exercise and its corresponding response are
combined as a node through information propagation:

c,=¢®a, )

where e; denotes the i-th exercise in the session and @
denotes element-wise addition. In the gated graph neural
network, the input of the gated recurrent unit is denoted as
@;, which contains information from the neighboring nodes
of the current node ¢; and represents the influence of the
previous exercise on the next exercise in the answering
session. a; is formulated as

a; = Concat(M[I([cl, Cyy .. ,cn]WI + bI),
(6)
MO(ey, e e WO + bo)),

where W1 and WO are parameter matrices, b! and bO are
bias vectors, [c(, ¢y, ..., ¢,] denotes the processed exercise-
response list, Mi’ and M l.O denote the i-th rows of the corre-
sponding matrices, and Concat(-) denotes the concatenation
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Figure 1: The overall framework of the proposed method.

operation. Then, based on the gated recurrent unit inputs

[a;,ay,...,a,], the hidden knowledge states of the corre-
sponding student are learned and denoted as [A4, Ay, ..., h,].
The update process of A; can be formalized as follows:
¢ =c¢®a, (7
o} = o(U,cl + V,hi™h), (8)
r=o(U.c! +V,h' ™), )
ht = tanh(U,c! + V(' © h'™1), (10)
h=(1-0)ohr ! +o ok, (11)

where U, and V, are learnable parameters, *€ {w,r,h},
o(+) denotes the sigmoid activation function, and © denotes
element-wise multiplication. The update gate a)i controls
how much historical information is updated, while the reset
gate r; is used to filter information. The term rﬁ 0] h;‘l
indicates that the new information is generated from part of
the previous information. The term (1 — wf )O h;‘l represents

the forgotten part of the previous information, and a)f 0] 715
represents the newly retained information.

3.3. Personalized Forgetting-aware Calibration
After obtaining the static representations of exercises
and skills from the heterogeneous graph and the dynamic
hidden knowledge states from the session graph, an essential
issue is how to calibrate the student’s historical knowledge
state according to individualized forgetting patterns. In real
learning scenarios, knowledge forgetting is not only deter-
mined by the time interval between learning interactions,

but is also jointly affected by students’ memory capacity,
exercise attributes, skill characteristics, and repeated prac-
tice behaviors. Therefore, this paper designs a personalized
forgetting-aware calibration module to model the retention
and decay of students’ knowledge states in a fine-grained
manner. Different from conventional methods that employ
a globally shared temporal decay function, the proposed
module dynamically estimates the forgetting intensity of a
student on a specific skill by jointly considering the exer-
cise representation, skill representation, time interval, and
historical practice frequency. In this way, the model can
adaptively distinguish different forgetting patterns across
students thereby providing a more accurate representation
of students’ evolving knowledge states. ~

Given the i-th learning interaction of student s, let A;
denote the hidden knowledge state generated by the session
graph encoder, ¢; denote the exercise representation, and k;
denote the representation of the skill associated with the
current exercise. In addition, Az; denotes the time interval
between the current interaction and the previous relevant in-
teraction, and ry ;- denotes the number of historical practices
that student s has performed on skill k;. The personalized
forgetting rate is defined as

i i rep
fs,i = fbase : filtem : fsn;t : (1 — Mg fsj )7
where f,. is the base forgetting rate, fiitem denotes the
forgetting property related to the current exercise and its as-
sociated skill, fs”}t measures the instantaneous forgetting in-

12)

tensity under the current interaction context, f ;ip denotes the
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memory consolidation effect brought by repeated practice,
and mg; represents the state-dependent memory retention
capacity inferred from the student’s hidden knowledge state.
Specifically, the exercise-skill forgetting factor is calculated
as

fltem =a(m[a;%i]+b6>, (13)

where [-; -] denotes the concatenation operation, and W, and
b, are learnable parameters. This factor reflects the intrinsic
forgetting property of the current exercise and its associated
skill. Exercises involving more complex or less frequently
practiced skills may correspond to a higher forgetting ten-
dency. The interaction-aware forgetting factor is formulated
as

S = o (Wil B @K Ar] + by ) (14)
where W, and b, are learnable parameters. This compo-
nent estimates the instantaneous forgetting intensity under
the current learning context by jointly considering the stu-
dent’s current hidden knowledge state, the target exercise,
the related skill, and the elapsed time interval. To further
capture the student’s current retention ability without in-
troducing an additional student representation, the memory
retention capacity is inferred from the hidden knowledge
state:

my =0 (Wb +b,)., (15)

where W,, and b,, are learnable parameters. Since 711 is
generated from the student’s historical response sequence,
my ; can reflect the student’s current knowledge stability and
memory retention ability in a dynamic manner.

Moreover, to explicitly model the memory consolidation
effect of repeated practice, the repetition-aware factor is
defined as

i
>

Si = 0 (Wieplras: ATl + by ) (16)

where rg, denotes the number of previous practices of
i

student s on skill k;. A larger value of fsrjp indicates a
stronger memory consolidation effect caused by repeated
practice, which reduces the overall forgetting rate through
the term (1 —m; - f::’.p). Finally, the personalized forgetting
rate is used to calibrate the student’s hidden knowledge state
through a forgetting-aware gate:

h =01-f)0h, (17)

where © denotes element-wise multiplication, and 71{ is the
forgetting-calibrated knowledge state. This operation adap-
tively controls the retention degree of historical knowledge
according to the current knowledge state, exercise character-
istics, skill properties, time interval, and repeated practice
frequency.

The proposed personalized forgetting-aware calibration
mechanism provides a fine-grained way to model knowledge

retention and decay. When a student has repeatedly practiced
a certain skill, fsrjp becomes larger, thereby reducing the
overall forgetting rate and preserving more historical knowl-
edge. In contrast, when the time interval is long, the current
exercise or skill has a stronger forgetting tendency, or the
student’s hidden state indicates weak knowledge stability,
the estimated forgetting rate increases accordingly. As a
result, the model can more accurately simulate the indi-
vidualized process of knowledge consolidation and decay
without introducing an additional student representation.

3.4. Adaptive Performance Evaluation

After obtaining the forgetting-calibrated knowledge state
from the personalized forgetting-aware calibration module,
this subsection further evaluates the student’s future per-
formance by adaptively integrating the calibrated cogni-
tive state, the target exercise representation, and the related
skill representations. Different from conventional predic-
tion modules that directly use the original hidden state
for response prediction, the proposed adaptive performance
evaluation module takes the forgetting-calibrated state as the
core student knowledge representation, thereby enabling the
final prediction to reflect both knowledge acquisition and
knowledge decay.

Given the target exercise e,, let ¢, denote its exercise
representation, and let f(Jet denote the set of neighboring skill
representations associated with e,. For each related skill,
k ; € Eet represents the j-th skill representation. In addition,

E, denotes the student’s historical exercise experience set,
and thf denotes the forgetting-calibrated knowledge state
generated by the personalized forgetting-aware calibration
module. The module constructs multi-dimensional interac-
tion features by considering four types of relationships: the
interaction between the target exercise and the calibrated
knowledge state, the interaction between related skills and
the calibrated knowledge state, the influence of historical ex-
ercises on the target exercise, and the influence of historical
exercises on the related skills. Specifically, the pair (E,%tf )
represents the student’s current mastery of the target exer-
cise after considering forgetting effects. The pair (% j,7ztf )
represents the student’s mastery of the j-th skill associated
with the target exercise. The pair (e, E,) characterizes the
influence of the student’s historical exercise experience on
the target exercise, while (k o E,) describes the influence of
historical exercises on the skills related to the target exercise.
These interaction terms jointly provide a comprehensive ba-
sis for evaluating the student’s future response performance.
To adaptively fuse different interaction factors, this paper
computes the importance weight of each interaction term
through a similarity-based attention function:

vi; = Softmax (e(z;, Zj)) ’ {19

vy Wz 21+ 07) [ (19)
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where g(-) denotes the dot-product operation, y;; is the
adaptive fusion weight, W7 is a learnable parameter matrix,
b7 is a bias vector, [-, -] denotes the concatenation operation,
and o(:) is the sigmoid activation function. The predicted
probability p, indicates the probability that the student cor-
rectly answers the target exercise e, at time step ¢. The basic
prediction objective is the binary cross-entropy loss between
the predicted probability and the ground-truth response:

£==Y [nlogp +(1-y)log(l - p)|, (20)

t

where y, € {0, 1} denotes the ground-truth response label.
However, in knowledge tracing scenarios, different learning
interactions do not contribute equally to model optimiza-
tion. Samples with higher forgetting intensity or weaker
knowledge stability are usually more difficult to predict and
contain more informative signals for evaluating the student’s
real cognitive state. Therefore, this paper further introduces
a forgetting-aware adaptive loss to dynamically adjust the
contribution of each training sample:

==Y o [ylogp +(1-y)log-p)|, @
t

where w, is the adaptive sample weight. It is computed
according to the personalized forgetting rate and prediction
uncertainty:

o, =1+Afo,+4,(1-12p,—-1]), (22)

where f , is the personalized forgetting rate estimated by the
previous module, and 1 — |2p, — 1| measures the prediction
uncertainty. When p;, is close to 0.5, the model is uncertain
about the student’s response, and the corresponding sample
receives a larger weight. A, and A, are hyperparameters
that control the contributions of forgetting intensity and
prediction uncertainty, respectively.

Through this design, the adaptive performance evalu-
ation module not only predicts student responses by inte-
grating exercise, skill, and historical learning information,
but also assigns greater optimization attention to cognitively
unstable and high-forgetting interactions. As a result, the
model can better distinguish whether an incorrect response
is caused by insufficient mastery, knowledge decay, or un-
certainty in the current learning state, thereby improving the
reliability and sensitivity of student performance evaluation.

4. Experimental Results

4.1. Experimental Settings

To evaluate the effectiveness and superiority of the pro-
posed method, two representative student performance pre-
diction datasets are adopted as benchmark datasets, namely
ASSIST09 and ASSIST12. Both datasets are collected from
the ASSISTments online learning platform and have been
widely used in knowledge tracing research. ASSISTO09 is
collected during the 2009-2010 academic year. It contains
interaction records from 3852 students, covering 123 skills

and 17737 exercises. ASSIST12 is collected during the
2012-2013 academic year and is substantially larger in scale,
including 27485 students, 265 skills, and 2709436 exercises.
These two datasets differ in terms of data scale, skill cov-
erage, and interaction density, which enables a more com-
prehensive evaluation of the proposed model under different
learning scenarios. For both datasets, the data are divided
into training and testing sets with a ratio of 8:2.

The proposed method is implemented based on Ten-
sorFlow and trained on a Linux server equipped with an
NVIDIA GTX A100 GPU. In all experiments, the embed-
ding dimensions of exercises, skills, and student knowledge
states are set to 100. The number of graph encoder layers is
set to 3. The learning rate is fixed at 0.00025, and the dropout
rate is set to 0.8 to alleviate overfitting. The maximum
number of training epochs is set to 500, and the batch sizeis
set to 6. To comprehensively assess the prediction perfor-
mance of the model, three widely used evaluation metrics
are employed: AUC, ACC, and recall. For all three metrics,
higher values indicate better predictive performance.

The proposed method is compared with eight representa-
tive baseline models, including LefoKT [18] DSN-KT [30],
Bi-CLKT [31], HD-KT [32], LBKT [33], JKT [34], and
DMKT [35].

4.2. Result Comparison

To evaluate the effectiveness of the proposed method,
this paper conducts comparative experiments on two widely
used educational datasets, ASSIST09 and ASSIST12. Fol-
lowing common practice in knowledge tracing, and model
performance is evaluated using AUC, ACC, and Recall. This
paper compares the proposed method with several repre-
sentative knowledge tracing baselines, including sequence-
based, graph-based, behavior-aware, and cognitive-represen-
tation-based models. These baselines cover different tech-
nical paradigms, such as deep sequential modeling, joint
graph convolution, dual-view cognitive representation, and
learning-behavior-oriented tracing, thereby providing a com-
prehensive benchmark for assessing the proposed multi-
view graph fusion framework.

As shown in Table 1, the proposed method consis-
tently achieves the best overall performance on both datasets
across all three metrics. This demonstrates that the proposed
model can more accurately infer students’ evolving knowl-
edge states and predict their future responses than exist-
ing baselines. Compared with sequence-oriented methods,
the proposed model does not rely solely on chronological
response patterns, but further exploits the static semantic
dependencies among students, exercises, and skills through
heterogeneous graph aggregation. Compared with graph-
based methods, the proposed model additionally constructs
session graphs to capture the dynamic evolution of stu-
dent cognition, which enables the learned representations
to reflect both structural knowledge relations and temporal
learning transitions. Therefore, the proposed model achieves
more robust performance under different learning scenarios.
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Table 1
The average results with standard deviation over five random runs are reported on two datasets.

Methods ASSIST09 ASSIST12

AUC ACC Recall AUC ACC Recall

DSN-KT  5647+1.13 5591+0.86 56.82+142 57.71+1.08 56.04+1.67 57.33+094

Bi-CLKT = 5538+1.55 5476+121 56.02+0.79 56.69+136 5574+098 5635+1.74

JKT 65.21 +091 63.08+148 6694+126 67.63+1.63 65.75+0.87 6691 =+1.19

DMKT 58.16 +1.72  56.31+095 59.72+1.31 6527+144 62.84+1.08 63.02+1.69

HD-KT 70.89 +1.06 6791+1.52 7381+088 7294+127 6846+1.81 70.77+1.15

LBKT 63.76 +1.39 6342+0.83 6627+176 6686+1.12 66.03+1.46 6836+0.97

LefoKT 72.35+1.21 6921 +1.09 7443+137 7416+142 6998+1.16 75.21+0.88

Ours 75.28 +0.74 70.81+1.18 75.86+0.93 76.05+1.05 72.04+0.89 77.18+1.33

The performance advantage mainly comes from the  Taple 2
complementary design of three modules. First, the multi- Ablation study on ASSIST09.
view graph aggregation module integrates heterogeneous
graph modeling and session graph modeling. The heteroge- Methods AUC  ACC  Recall
neous graph captures high-order relations among exercises w/o Heterogeneous Graph 7140  66.15 7132
and skills through wavelet graph convolution, which helps w/o Session Graph 7257 6726 7248
alleviate the sparsity of student-exercise interactions and w/o Personalized Forgetting ~ 73.59  67.52  73.40
improves the discriminability of exercise and skill repre- w/o Repetition Factor 7456 68.31  74.37
sentations. Meanwhile, the session graph encodes response- w/o Adaptlv.e Fusion 7422 6818 73.05
aware learning trajectories through gated graph propaga- w/o Forgetting-aware Loss 1587 69.60  74.68
Ours 75.28 70.81 75.86

tion, allowing the model to track the dynamic transition
of students’ hidden knowledge states. This static-dynamic
collaboration provides a richer representation foundation
than methods that model either graph structure or temporal
sequence alone. Second, the personalized forgetting-aware
calibration module further improves knowledge state estima-
tion by explicitly modeling individualized knowledge reten-
tion and decay. Unlike conventional forgetting mechanisms
that mainly depend on a shared temporal decay function,
the proposed model estimates the forgetting intensity of a
student on a specific interaction by jointly considering the
hidden knowledge state, exercise representation, skill repre-
sentation, time interval, and historical practice frequency.
In this way, the model can distinguish whether historical
knowledge should be retained or weakened according to
the current learning context. Repeated practice contributes
to memory consolidation, while longer intervals or un-
stable knowledge states increase the estimated forgetting
intensity. This mechanism reduces the negative influence
of outdated or unreliable historical interactions and makes
the predicted knowledge state more consistent with realistic
learning behavior. Third, the adaptive performance evalua-
tion module strengthens the final prediction by integrating
the forgetting-calibrated knowledge state with the target
exercise, related skills, and historical exercise experience.
The similarity-based adaptive fusion mechanism assigns
different importance weights to multiple interaction terms,
enabling the model to focus on the most relevant evidence
for the target prediction. Moreover, the forgetting-aware
adaptive loss gives higher training weights to samples with
stronger forgetting intensity or higher prediction uncertainty.

This design encourages the model to learn more from cogni-
tively unstable and difficult interactions, thereby improving
its sensitivity to ambiguous student states and enhancing
overall prediction reliability.

Overall, the comparison results confirm that the pro-
posed model benefits from the joint modeling of struc-
tural dependency, temporal cognitive evolution, personal-
ized forgetting, and adaptive optimization. The consistent
superiority over all baselines indicates that simply enhancing
sequential modeling, graph representation, or behavioral
features is insufficient for accurate knowledge tracing. By
calibrating multi-view representations with personalized for-
getting dynamics, the proposed framework provides a more
comprehensive and cognitively plausible solution for student
performance prediction in vocational bachelor’s practical
training platform evaluation.

4.3. Ablation Result

To further verify the effectiveness of each key compo-
nent in the proposed method, this paper conducts ablation
experiments on ASSIST09 and ASSIST12. Specifically, this
paper compares the full model with the following six vari-
ants:

e w/o Heterogeneous Graph removes the heteroge-
neous graph aggregation branch and only uses the
session graph to model student learning sequences.

e w/o Session Graph removes the session graph en-
coder and only uses the heterogeneous graph to rep-
resent static exercise-skill relations.
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e w/o Personalized Forgetting removes the personal-
ized forgetting-aware calibration module and directly
uses the original hidden knowledge state for predic-
tion.

e w/o Repetition Factor removes the repetition-aware
memory consolidation term from the forgetting esti-
mation module.

e w/o Adaptive Fusion replaces the similarity-based
adaptive interaction fusion with a simple concatenation-
based prediction layer.

e w/o Forgetting-aware Loss replaces the forgetting-
aware adaptive loss with the standard binary cross-
entropy loss.

The ablation results are reported in Table 2. All variants
are evaluated using the same experimental settings as the
main comparison experiments. AUC, ACC, and Recall are
used as evaluation metrics. As shown in Table 2, removing
any key component leads to performance degradation, which
verifies the necessity of each module in the proposed frame-
work.

First, the variant without the heterogeneous graph suffers
the most significant performance drop. This indicates that
static relational structures among students, exercises, and
skills are essential for learning discriminative representa-
tions. Without the heterogeneous graph, the model cannot
sufficiently exploit high-order exercise-skill dependencies,
making it more difficult to infer student mastery in sparse
interaction scenarios. Second, removing the session graph
also causes a clear decline in performance. This demon-
strates that static graph information alone is insufficient
for knowledge tracing, since student learning is inherently
sequential and evolves over time. The session graph captures
the dynamic transition patterns of response-aware learn-
ing behaviors, enabling the model to update students’ hid-
den knowledge states according to their historical practice
trajectories. Therefore, the combination of heterogeneous
graph and session graph is critical for jointly modeling
static knowledge structures and dynamic cognitive evolu-
tion.Third, the performance decreases when the personal-
ized forgetting-aware calibration module is removed. This
result confirms that directly using the original hidden state
cannot fully reflect the realistic process of knowledge reten-
tion and decay. By estimating personalized forgetting rates
according to the hidden knowledge state, exercise repre-
sentation, skill representation, time interval, and historical
practice frequency, the proposed module can adaptively
calibrate outdated or unstable historical information. This
helps the model distinguish whether a student’s incorrect
response is caused by insufficient mastery or knowledge
decay. Fourth, removing the repetition factor weakens the
model performance, although the degradation is smaller than
that caused by removing the whole personalized forgetting
module. This suggests that repeated practice provides useful
evidence for memory consolidation. When a student repeat-
edly practices a skill, the model should retain more related

historical knowledge rather than treating all past interactions
with the same decay pattern. The repetition-aware factor
therefore improves the model’s ability to capture the positive
effect of practice frequency on knowledge stability. Fifth,
the variant without adaptive fusion performs worse than the
full model. This shows that simple feature concatenation
cannot sufficiently model the complex interactions among
the forgetting-calibrated knowledge state, target exercise,
related skills, and historical exercise experience. In contrast,
the adaptive fusion mechanism assigns different importance
weights to different interaction terms, allowing the model
to focus on the most informative evidence for the current
prediction. Finally, replacing the forgetting-aware adaptive
loss with the standard binary cross-entropy loss also leads
to a performance decrease. This indicates that not all learn-
ing interactions contribute equally to model optimization.
Samples with higher forgetting intensity or higher prediction
uncertainty are usually more informative for learning robust
student representations. By assigning larger weights to these
difficult and cognitively unstable samples, the forgetting-
aware loss improves the sensitivity and reliability of the
prediction model.

5. Conclusion

In this paper, this paper proposed a personalized forgetting-
aware multi-view graph knowledge tracing method for stu-
dent performance evaluation in vocational bachelor’s practi-
cal training platforms. The proposed method jointly models
static knowledge relations, dynamic cognitive evolution, and
individualized forgetting behaviors. Specifically, a heteroge-
neous graph is constructed to capture high-order semantic
relations among students, exercises, and skills, while a
session graph is used to model the temporal evolution of
students’ response-aware knowledge states. Furthermore, a
personalized forgetting-aware calibration module estimates
forgetting intensity by considering knowledge states, exer-
cise and skill representations, time intervals, and historical
practice frequency. Based on the calibrated knowledge state,
the adaptive performance evaluation module integrates tar-
get exercise information, related skills, and historical learn-
ing experience for prediction. Experimental results demon-
strate that the proposed method outperforms representative
baselines. In future work, more practical behavior features
will be incorporated to support personalized feedback and
adaptive training evaluation.
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