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Abstract—In Knowledge Tracing (KT) tasks, to address the
black-box characteristic of knowledge mastery, recent work
has proposed some interpretable methods to represent knowl-
edge mastery. Educational theories suggest that learners apply
knowledge concepts across different cognitive levels. Therefore,
cognitive levels should be represented in the unit of knowledge
mastery, which is overlooked by existing studies. We propose the
concept of “cognitive ability” as the unit of knowledge mastery to
represent cognitive levels, and propose a Cognitive Ability-based
Knowledge Tracing (CogKT) method. In CogKT, the correlations
between cognitive abilities are modeled using cognitive ability
graphs and Graph Neural Network (GNN), while the temporal
dynamics of cognitive abilities is captured using LSTM network
enhanced by cognitive level embedding. Evaluated on a real-world
dataset comprising 2393 students, CogKT outperforms baseline
models on performance metrics AUC and ACC. In addition,
cognitive abilities exhibit a significant influence on test outcomes,
indicating that they contribute to enhancing the interpretability
of knowledge mastery representation.

Index Terms—knowledge tracing, deep neural network, knowl-
edge mastery, interpretability, cognitive ability, cognitive level

I. INTRODUCTION

The Knowledge Tracing (KT) task aims to predict learners’ fu-
ture learning performance based on historical learning records,
which has significant application in personalized learning. The
fundamental mechanism of KT involves analyzing learners’
knowledge mastery from historical performance and then
using the knowledge mastery to forecast future performance.
Therefore, the representation of knowledge mastery lies at the
core of the KT methods. Deep-Learning Knowledge Tracing
(DLKT) methods model the temporal dynamics of knowledge
mastery through a Recurrent Neural Network (RNN) [1],
effectively improving the prediction accuracy of KT models.

In recent research on DLKT methods, the interpretability
of knowledge mastery has garnered increasing attention. The
reason lies in the fact that, from a practical application perspec-
tive, the fundamental goal of knowledge tracing methods is to
ensure that knowledge mastery aligns with the actual learning
state, rather than simply achieving accurate predictions of
future learning performance. However, the objective of DNNs’
optimization is to improve the accuracy of prediction. Since
knowledge mastery in DLKT models exists in the form of

hidden states, it exhibits a distinct black-box characteristic
with low interpretability. Recent work has proposed several
interpretable methods to represent knowledge mastery to over-
come its black-box characteristic [2], [3], [4], [5].

Regarding interpretable methods for representing knowl-
edge mastery, existing research has focused primarily on two
aspects: the interpretable model structure and the real-world
factors that influence knowledge mastery. Regarding the unit
of knowledge mastery, prior studies have consistently adopted
knowledge concepts as the unit of knowledge mastery, without
analysis from this perspective. According to educational theo-
ries [6], [7], knowledge concepts as units have inherent limita-
tions. In learning tasks, learners apply knowledge concepts at
different cognitive levels. Taking the following two exercises
involving the knowledge concept “quadratic equations” as an
example:

• Determine: whether
(x− 1)2 − 1 = 0 is a quadratic equation or not.

• Solve the quadratic equation:
(x− 1)2 − 1 = 0

Although the two exercises share the same knowledge
concept, the cognitive levels and complexity are different.
Consequently, learners’ mastery between different cognitive
levels also varies. In existing methods, the unit of knowledge
mastery is the knowledge concept, which fails to distinguish
mastery between different cognitive levels. This limitation
undermines the interpretability of knowledge mastery repre-
sentation.

To address the aforementioned limitation, we propose the
concept of “cognitive ability” as the unit of knowledge mastery
instead of knowledge concept, and propose a cognitive ability-
based knowledge tracing (CogKT) method. Based on educa-
tional cognitive theory, cognitive abilities integrate knowledge
concepts with cognitive levels, thereby more comprehensively
reflecting learners’ knowledge mastery. In the CogKT method,
we propose approaches to model the correlations and temporal
dynamics of cognitive abilities, enabling the representation of
knowledge mastery with cognitive abilities as the fundamental
units. The main contributions of this study are as follows.



• Based on educational theory, we propose “cognitive
ability” as the unit of knowledge mastery, which more
comprehensively reflects the knowledge mastery of learn-
ers than the knowledge concept. Cognitive abilities are
extracted from learning data using LLM agents.

• A knowledge tracing method called CogKT is proposed.
Using a cognitive ability graph, a GNN adapted to the
cognitive graph, and an LSTM enhanced with cognitive
level embeddings, CogKT characterizes knowledge mas-
tery with cognitive abilities as units.

• Evaluation in a real-world dataset comprising 2393 stu-
dents shows that CogKT outperforms baseline methods,
with the significant influence of cognitive ability. This
indicates that cognitive abilities contribute to improving
the interpretability of knowledge mastery representation.

II. RELATED WORK

A. Deep-Learning Knowledge Tracing (DLKT)

DLKT methods employ Recurrent Neural Networks (RNN) to
model the temporal dynamics of knowledge mastery based on
learners’ past performance and to predict their future learning
outcomes. Since the introduction of the first Deep Knowledge
Tracing (DKT) method [1], numerous new DLKT approaches
have been proposed to improve the accuracy of the prediction.
Improvement methods fall primarily into three directions:

1) Graph-based methods: These methods utilize graph
structures to represent correlations between knowledge con-
cepts and model these correlations using Graph Neural Net-
works (GNN). GKT is a typical graph-based KT method [8].
GIKT [9] and HGKT [10] extend the knowledge concept graph
to exercise-knowledge relational graphs to capture high-order
question-skill correlations. GAKT employs a Graph Attention
Network (GAN) with attention mechanisms to capture concept
correlations from the knowledge concept graph [11].

2) Memory-augmented methods: These methods introduce
memory modules to store and update the mastery status of
individual knowledge concepts, addressing the limitation of
traditional KT models that represent each knowledge concept
merely as a vector. This category is typified by DKVMN
[12] and includes subsequent enhancements such as SKVMN
[13] for sequence modeling and EKVMN [14] for exercise
augmentation.

3) Attention-based methods: Attention mechanisms are
widely adopted in deep learning models for sequential tasks
due to their strong capability in handling sparse data gener-
alization and parallel computation scenarios. This category is
represented by typical methods such as SAKT [15] and AKT
[16].

Among these three enhancement approaches, graph-based
methods emphasize the representation of knowledge concept
correlations. Given that knowledge concepts inherently exhibit
graph structures and demonstrate knowledge transfer effects
during learning, graph-based methods are found to be the most
effective in handling knowledge concept correlations.

B. Interpretable DLKT

Since the fundamental goal of knowledge tracing methods is
to align the knowledge mastery represented by the model with
the actual learning state, research on interpretable knowledge
mastery representation methods is gaining attention in recent
DLKT works. This line of research primarily focuses on two
aspects:

1) The structure of knowledge mastery modeling: Some
methods examine the relationship between learning perfor-
mance and knowledge mastery, arguing that knowledge con-
cept is not the only factor that influences knowledge mastery
[17], [18], [19]. They incorporate factors such as difficulty
levels and exercise-knowledge correlations into the representa-
tion structure. Other methods introduce cognitive theories into
the representation of knowledge mastery. For example, Deep-
IRT [3] integrates the cognitive diagnostic theory IRT into
KT methods, while GRKT incorporates theories such as the
transfer of learning theory, testing effect theory, and memory
theory into KT approaches.

2) Real-world factors that influence knowledge mastery:
Some methods analyze real-world factors, such as learning
scenarios and affective factors. The FDKT method focuses
on analysis in federated learning scenarios [4], the AdaptKT
method addresses cross-domain adaptation scenarios [5], the
QKT method focuses on quiz scenarios [20], and the DASKT
method incorporates learners’ affective factors into KT ap-
proaches [21].

C. Cognitive Theory

Cognitive theories describe the cognitive activities of learn-
ers during learning tasks, reflecting the relationship between
learning performance and knowledge mastery. As such, they
can be incorporated by KT methods into the representation
of knowledge mastery. Existing KT methods are grounded
in cognitive diagnosis theories from cognitive theory. Most
KT methods essentially rely on Classical Test Theory (CTT).
Some recent studies have adopted Item Response Theory (IRT)
as cognitive diagnosis approaches [3], [4].

Apart from cognitive diagnosis theory, some cognitive
theories move beyond the commonly used classification of
knowledge concepts and establish novel categorization meth-
ods for learning tasks. The Bloom taxonomy of educational
objectives employs a classification framework to describe the
levels of cognitive activities involved in learning tasks [6].
Building on this foundation, Marzano introduced the New
Taxonomy of Educational Objectives (NTEO), which classifies
learning tasks into two dimensions: the knowledge concept
and the cognitive level [7]. Compared to the one-dimensional
classification based solely on the knowledge concept, the two-
dimensional classification of NTEO is more aligned with the
actual learning state.

Our CogKT method refactors the unit of knowledge mastery
based on the two-dimensional classification of NTEO, and uses
graph-based KT method to represent the correlations between
the unit of knowledge mastery.



Fig. 1. The framework of CogKT.

Fig. 2. Definition and implication of cognitive ability. The different level
between two example exercises can be distinguished.

III. METHODOLOGY

In this section, we present the detailed architecture of our
CogKT method. First, we introduce the definition and acqui-
sition approach of cognitive abilities. Then, based on our task
formulation, we describe the procedure of the deep learning
model in CogKT for modeling the correlations and temporal
dynamics of cognitive abilities. The framework of our method
is illustrated in Figure 1.

A. Cognitive Ability

Cognitive ability serves as the unit of knowledge mastery in
the CogKT method. This section introduces its definition and
extraction approach.

1) Definition: The concept of cognitive ability is grounded
in the NTEO theory described in Section II-C, which clas-
sifies learning tasks along two dimensions, knowledge and
cognition. We define “cognitive ability” as the joint classi-
fication of a learning task (e.g., an exercise) across both the
knowledge and the cognitive dimensions. The classification
along the knowledge dimension corresponds to the knowledge
concept. For classification along the cognitive dimension,
NTEO divides it into six levels: decision-making (self-system),
planning (metacognitive system), retrieval, comprehension,
analysis, and utilization [7]. Specifically, for exercise tasks
that this study mainly concerns, since students are not required
to make decisions or formulate plans when completing them,
we classify exercise tasks into four cognitive levels: retrieval,

Fig. 3. Procedure of cognitive ability annotation.

comprehension, analysis, and utilization. The definition and
implication of cognitive ability are illustrated in Figure 2.

2) Extraction approach: Learning data include the knowl-
edge concepts of learning tasks, but do not contain information
about their cognitive levels. Therefore, during the preprocess-
ing of learning data, we employ a multi-agent system based on
Large Language Models (LLM) to extract the cognitive level
from the exercises.

Our multi-agent system includes 3 types of LLM agents:
annotation agent, evaluation agent, and feedback agent. Mul-
tiple annotation agents individually extract the cognitive level
of an exercise, and then an evaluation agent checks the
correctness of the annotation agents. Subsequently, a feedback
agent provides corrections for wrong annotations back to
the annotation agents, thereby preventing similar mistakes in
subsequent annotations. The collaboration mechanism in the
multi-agent system is shown in Figure 3.

In our cognitive ability extraction experiment, LLM-
based agents invoke the APIs of GPT-5.2, Gemini-3.0, and
DeepSeek-R1.

B. Task Formulation of Knowledge Tracing

We formulate the KT task as future learning performance
based on the learning dataset. The learning dataset {G, Q, R}
comprises:
• Cognitive graph G = {C, E}. C is the set of cognitive

abilities. E is the set of edges.



• Q = {(q, c)} is the set of questions. c ∈ C denotes the
cognitive ability associated with question q.

• R = {r} is the set of response sequences. Each response
sequence r = {r1, r2, · · · , rT | rt = (qt, at)} represents
the interaction sequence of a learner. Within r, the tuple
(qt, at) indicates the response question qt ∈ Q and the
response answer at in step t, where at = 1 denotes a correct
response and at = 0 denotes an incorrect response.
When future learning performance prediction is performed,

the input is a response sequence r. After the response at step
t, the DLKT model predicts the response result ât+1 for step
t+1 based on the responses (q1, a1), (q2, a2), . . . , (qt, at) from
steps 1 to t and the question qt+1 at step t+1. The prediction
is considered correct if ât+1 = at+1, and incorrect otherwise.

C. Procedure of Knowledge Tracing

Using learning data that contain cognitive ability extracted by
the method described in Section III-A, a deep learning model
performs the KT task formulated in Section III-B through cog-
nitive ability correlation modeling, cognitive ability temporal
dynamics modeling, and learning performance prediction.

1) Cognitive Ability Correlation Processing: For modeling
the correlations between cognitive abilities, we construct a
cognitive ability graph where cognitive abilities serve as nodes
and employ a GNN adapted to this cognitive ability graph to
capture their correlation. The function of the GNN is to derive
the learning performance lt at step t based on the response rt
at step t and the knowledge mastery ht−1 at step t-1. The GNN
consists of an embedding layer, a graph propagation layer, and
an aggregation layer.

Embedding layer: The response rt at step t is first trans-
formed through one-hot encoding [8] and then embedded as
the embedding vector et of the response. This vector et is then
concatenated with the knowledge mastery ht−1 at step t-1 to
form the input vector xt at step t:

et = Wr ·Onehot(rt) (1)

xt = Concat(ht−1, et) (2)

Graph propagation layer: The edge set E of the cognitive
ability graph G is aggregated into 12 adjacency matrices
Ai according to the 12 types of edges. Then a Multilayer
Perceptron (MLP) is used to compute the correlation vectors
of cognitive ability ci for each of the 12 types. The 12 types
are derived from the coupling of four categories of knowledge
concept correlation, same, contain, be contained by, similar to,
and three categories of cognitive level correlation, same level,
higher level, lower level. Modeling cognitive ability correla-
tions separately based on edge types ensures that the semantic
meaning of the correlations is preserved. The computation is
performed as follows:

E = {(cin, cout, a)} → Ai = [acin, cout
] (3)

ci = Ai ·MLP (xt) (4)

Where the edge between cin and cout belongs to type i.

Aggregation layer: The cognitive ability correlation vectors
ci of the 12 types are aggregated to obtain the learning
performance vector lt at step t:

lt =

12∑
i=1

ci (5)

2) Cognitive Ability Temporal Dynamics Modeling: To
model the temporal variations of cognitive abilities, we take
into account the distinct temporal variation patterns inherent
to different cognitive levels. We propose an LSTM network
enhanced with cognitive level embeddings to model the tem-
poral dynamics of cognitive abilities. The function of the
LSTM network is to derive the knowledge mastery state ht

at step t based on the learning performance lt at step t and the
knowledge mastery state ht−1 at step t-1. Knowledge mastery
is initialized as h0 where the mastery of each cognitive ability
is represented by a vector of length nh.

The LSTM network controls the temporal dynamics through
its forget gate, input gate, and output gate. For different cogni-
tive abilities, each cognitive level exhibits different patterns of
temporal dynamics. However, the weight matrices in the tradi-
tional LSTM model struggle to capture the correlation between
cognitive levels and their temporal dynamics. Therefore, we
use a cognitive level embedding el to incorporate the cognitive
level into the calculation of the forget gate, the input gate, and
the output gate. Based on learning performance lt at step t,
the knowledge mastery ht−1 at step t-1, and cognitive level
embedding el, the forget gate Ft, the input gate It, and the
output gate Ot are calculated using the following formulas:

el = [ cognitive level vector ] ·Wl (6)

Ft = σ(lt ·Wxf + ht−1 ·Whf + el ·Wlf + bf ) (7)

It = σ(lt ·Wxi + ht−1 ·Whi + el ·Wli + bi) (8)

Ot = σ(lt ·Wxo + ht−1 ·Who + el ·Wlo + bo) (9)

The LSTM model utilizes the forget gate, the input gate,
and the output gate to update the knowledge mastery state
from step t-1 ht−1 to step t ht, and simultaneously updates
the memory unit mt:

ĉt = tanh(lt ·Wxc + ht−1 ·Whc + bc) (10)

ct = Ft · ct−1 + It · ĉt (11)

ht = Ot · tanh(ct) (12)

3) Learning Performance Prediction: The final module
predicts the learning performance yt at step t+1 based on the
knowledge mastery state ht at step t, and predicts the answer
ât+1 according to yt and the question qt+1 to be answered at
step t+1. A prediction layer is used to compute yt as follows:

yt = σ(ht ·Wp + bp) (13)

The predicted answer for the question qt+1 answered in time
step t+ 1 is extracted from yt:



TABLE I
STATISTICS OF DATASET

Sub-dataset 1 2 3 4 5 6 7 8 9 10 11 Total
Subject Chinese Chinese Math Math English English Biology History Geography Ethics Science

Educational stage Primary Middle Primary Middle Primary Middle Middle Middle Middle Middle Primary
Student num. 1,112 1,305 1,104 1,304 725 1,300 1,000 1,301 999 1,304 593 2,393

Question num. 595 358 382 524 287 391 391 927 466 552 227 5,100
Concept num. 39 123 1,993 1,387 400 1,018 408 942 1,009 885 801 9,005
Response num. 101,114 58,712 64,582 64,926 52,094 268,619 87,079 197,127 159,377 172,680 52,621 1,278,931

ât+1 = ot+1 · yt (14)

Here, ot+1 is the one-hot encoding of the cognition ability
of qt+1.

During the model training phase, after completing predic-
tions for time steps 2 to T over a response sequence with total
time steps T , the model’s loss is measured using the cross-
entropy loss to optimize the trainable parameters. The loss is
calculated by:

loss = −
T∑

t=2

atlog(ât) + (1− at)log(1− ât) (15)

IV. EXPERIMENTS

A. Dataset

Public datasets for KT tasks, such as ASSIST, Statics, and
Junyi, do not include cognitive abilities or the exercise con-
textual data required for extracting cognitive abilities and thus
cannot meet the data requirements of this experiment. We
constructed a learning dataset as described in Section III-A
using data from 2393 students in a school. The academic
stages covered in the learning dataset range from Grade 4
to Grade 6 in primary school and Grade 7 to Grade 9 in
middle school. The subjects include nine disciplines: Chinese,
Mathematics, English, Biology, History, Geography, Morality,
and Science. The statistics of the learning data are summarized
in Table I.

Since the correlations between data from different subjects
and educational stages are considered negligible, we parti-
tioned the whole dataset into 11 sub-datasets by subject and
educational stage, as outlined in Table I. These 11 sub-datasets
are treated independently during experimentation.

B. Baseline

To demonstrate the effectiveness of CogKT, we use DKT,
GKT, GRKT, QIKT and DIMKT as baseline methods.
• DKT: a classic DLKT method [1].
• GKT: a typical graph-based KT method [8].
• GRKT: a recent graph-based KT method, using educational

theories to enhance interpretability [2].
• QIKT: a recent DLKT method that incorporates exercise

embeddings into the model architecture [19].
• DIMKT: A recent DLKT method that incorporates exercise

difficulty as a factor influencing knowledge mastery [18].

C. Experimental Setup

In experiments, all methods use the same hyperparameters:
batch size was 32, learning rate was 0.001, number of training
epochs was 50, and the length of the knowledge concept state
vectors representing each unit nh = 32. The models were
trained using 4 GeForce RTX4090 GPUs. For the responses in
each sub-dataset, we randomly partitioned 80% of the records
into the training set, with the remaining data constituting the
test set.

D. Evaluation Metrics

We used average AUC and average ACC as evaluation metrics
to assess the effectiveness of learning performance prediction.
AUC and ACC were calculated independently for each sub-
dataset. The weighted averages of AUC and ACC, weighted by
the number of responses in each sub-dataset, were calculated
to obtain the average AUC and the average ACC.

E. Performance Comparison

Table II presents a comparison of the results between CogKT
and the baseline methods on two evaluation metrics for
the effectiveness of learning performance prediction: average
AUC and average ACC. The CogKT method outperforms
the baseline methods in both metrics, indicating that the
representation of knowledge mastery in KT contributes to
improved effectiveness in predicting learning performance.

We observe that the CogKT modeling strategy for im-
proving the representation of cognitive progress does not
significantly outperform several baseline modeling strategies
that improve the interpretability of the model. Regardless of
the advantage of the baseline modeling strategies, we notice
that the distribution of concepts in the data becomes a possible
influencing factor. Refer to Table I, the ratio of concept number
to question number is much higher than classic datasets, such
as ASSIST, which makes the distribution of concepts sparse
in the dataset. Therefore, the use of the concept of cognitive
ability makes the distribution much sparser. The combination
of knowledge concepts with cognitive categories rather than
combining them may solve this problem.

F. Complementary Study of Cognitive Ability

In this study, our CogKT method proposes cognitive abilities
instead of knowledge concepts as the unit of knowledge
mastery. To validate the influence of cognitive abilities, we
conducted the following complementary study on their extrac-
tion, specificity, and ablation.



TABLE II
METRICS ON LEARNING PERFORMANCE PREDICTION TASK

Methods DKT GKT GRKT QIKT DIMKT CogKT(ours)
Average AUC 0.7962 0.7446 0.8227 0.8164 0.8075 0.8273
Average ACC 0.7700 0.7387 0.7856 0.8182 0.8124 0.8205

Fig. 4. A case of knowledge mastery representation process.

1) Extraction: Accurately extracting cognitive abilities
from exercises is fundamental for the subsequent modeling of
cognitive abilities. To validate the accuracy of cognitive ability
extraction performed by our LLM agent system, we randomly
selected the extraction results of 100 exercises and invited four
experts to evaluate them. Expert evaluations indicated that 96%
of the extraction is accurate, providing preliminary validation
of the reliability of automated cognitive ability extraction
via the LLM agent. Additionally, the extraction overhead of
our LLM agent system averages approximately $0.03 per
exercise, which is significantly lower than the manual cost
under comparable conditions, thereby ensuring the feasibility
of automated extraction for large-scale data.

2) Specificity: Cognitive ability is a unit that incorpo-
rates cognitive levels on the basis of knowledge concepts.
Meanwhile, we observe that certain existing studies have
also employed factors beyond knowledge concepts, such as
difficulty [18], [19]. To validate the specificity of cognitive
levels relative to difficulty, we characterize the difficulty of
exercises at different cognitive levels using response accuracy.
The relationship between difficulty and cognitive levels is
presented in Table III.

TABLE III
SPECIFICITY OF COGNITIVE ABILITY

Cognitive Level Exercise num. Response num. Difficulty
Retrieval(1) 963 422,908 0.775

Comprehension(2) 1,201 317,601 0.785
Analysis(3) 2,162 278,500 0.847

Utilization(4) 774 159,920 0.772

If cognitive levels were not specific with respect to diffi-
culty, difficulty should increase as cognitive levels increase.
However, the experimental results shown in Table III do not
exhibit such a relationship, indicating that cognitive level is a
specific factor that cannot be replaced by the difficulty factor
employed in existing studies.

3) Ablation: To validate the impact of cognitive abilities on
the performance of the CogKT model, we conducted ablation
experiments on the modeling of cognitive ability correlations
and the modeling of their temporal variations, respectively. In
the ablation study on cognitive ability correlation modeling,
we replaced the graph propagation layer and the aggregation
layer with a single MLP. In the ablation experiment on
cognitive ability temporal dynamics modeling, we set the
cognitive level embedding el to zero. The experimental results
are presented in Table IV:

TABLE IV
RESULTS OF ABLATION STUDY

Model AUC ACC
CogKT 0.8273 0.8205

w/o correlation modeling 0.8063 0.8139
w/o temporal dynamics modeling 0.8252 0.8116

w/o both 0.7824 0.7732

Both modeling of cognitive ability correlation and tem-
poral dynamics contribute to improving model performance.
Furthermore, even after removing these two modules, the
model’s performance remains higher than that of most baseline
methods. The experimental results indicate that the cognitive
abilities themselves, along with the model’s representation of
these abilities, improve the model’s performance.

G. Case Study
To demonstrate the result of knowledge mastery represen-

tation, we conducted a case study. We extracted a process of
knowledge mastery dynamics with the corresponding response
sequence from the model and illustrated this process in Figure
4. For clear demonstration, the extracted knowledge mastery
covers only three cognitive abilities. From the case, we notice
that the correlation between knowledge concepts k1 and k2 has
a more significant impact than k1 and k3 (step 4/5/6/7); and the
correlation between cognitive concepts can also be represented
(step 3/9). These observations demonstrate the correlation and
temporal dynamics of cognitive abilities.



V. CONCLUSION

In this study, guided by the goal of enhancing the inter-
pretability of knowledge mastery representation, we propose
the CogKT method, which employs cognitive ability as the
fundamental unit of the knowledge mastery. Through experi-
ments on a real-world dataset, we validate the performance of
the CogKT method and demonstrate the influence of cognitive
ability in improving the interpretability of knowledge mastery
representation. However, other enhancement strategies pro-
posed in existing studies, such as memory networks, attention
mechanisms, and other methods for improving model perfor-
mance, have not been incorporated into our framework. How to
effectively integrate cognitive ability with these enhancement
strategies to further improve the performance of KT models
remains an important direction for our future work.
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