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Abstract

Knowledge Tracing (KT) aims to predict students’ future per-
formance based on their historical interaction data. With the ad-
vancement of attention mechanisms, attention-based KT mod-
els have achieved significant improvements in predictive per-
formance. However, most existing attention-based KT mod-
els typically employ deterministic cognitive embeddings to rep-
resent students’ knowledge states. Although such representa-
tions effectively capture the stability of cognitive processes,
they fail to account for the inherent volatility in students’ learn-
ing behaviors, thereby limiting the capacity for modeling au-
thentic learning dynamics. To address this limitation, we pro-
pose a novel knowledge tracing model with enhanced capability
for modeling cognitive volatilities—CWKT. Specifically, we
model students’ interaction representations as Gaussian distri-
butions to capture the intrinsic long-term volatility in the learn-
ing process. We further apply a frequency decomposition to
the mean of the Gaussian distribution, enabling us to extract
local volatility information. To model the distributional tran-
sitions of students’ knowledge states during learning, we intro-
duce a Wasserstein Self-Attention mechanism. Moreover, an at-
tention penalty module is incorporated to mitigate the model’s
potential overemphasis on long-term volatility, thereby improv-
ing the overall stability of predictions. Extensive experiments
conducted on four public educational datasets demonstrate that
the proposed model exhibits significant advantages in capturing
cognitive volatilities.

Keywords: Knowledge Tracing, Gaussian, Wasserstein

Introduction
In the era of web-based learning, where large-scale online ed-
ucation platforms such as Coursera and other MOOCs have
gained substantial traction, Knowledge Tracing (KT) has be-
come a pivotal research area for modeling and understanding
learner behavior. As a fundamental task in educational data
mining and intelligent tutoring systems, KT seeks to infer and
predict students’ mastery levels of specific knowledge com-
ponents in real time throughout the learning process. With
the rapid evolution of online education platforms and intel-
ligent learning technologies, vast amounts of learner inter-
action data are being continuously generated, offering a ro-
bust foundation for advancing personalized and adaptive ed-
ucation. However, how to efficiently and accurately extract
cognitive patterns and learning behaviors from such com-
plex data remains a critical challenge in the field of edu-
cational artificial intelligence. It is important to note that
learning is inherently a long-term, dynamic process charac-
terized by volatility. During each interaction, students may

Figure 1: Impact of local volatility on knowledge state esti-
mation.

exhibit significant non-stationarity—commonly referred to as
volatility—due to factors such as volatility in cognitive states,
emotional changes, shifts in learning strategies, or knowledge
transfer, i.e., the ability to apply previously acquired knowl-
edge, skills, or strategies to novel contexts, tasks, or problems.
This interaction-level volatility is not only prevalent but also
plays a crucial role in accurately modeling students’ knowl-
edge states. Therefore, capturing such learning volatility from
complex sequential interaction data has become a key chal-
lenge in enhancing both the performance and interpretability
of KT models.

In recent years, several prominent Knowledge Tracing (KT)
models have been proposed, including LPKT (Shen et al.,
2021), ATKT (Guo et al., 2021), and simpleKT (Liu, Liu,
Chen, Huang, & Luo, 2023), which leverage memory mech-
anisms, attention mechanisms, and generalization strategies
to advance model architecture and enhance predictive perfor-
mance. However, these methods commonly assume a smooth
temporal evolution of students’ cognitive states. They typi-
cally adopt static or fixed cognitive embeddings to represent
student knowledge, thereby limiting their capacity to capture
and exploit the rich, dynamic information embedded in in-
dividual interactions. Consequently, such models struggle
to accurately reflect subtle variations in concept understand-
ing, diverse problem-solving strategies, and transient phe-
nomena such as careless errors, lucky guesses, or conceptual
confusion—ultimately hindering their ability to model com-
plex learning dynamics and attain higher predictive accuracy.

In real-world educational scenarios, students’ responses
are influenced by a variety of complex factors, leading to
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volatilities in the estimation of their knowledge states. These
volatilities can be attributed to both long-term and short-
term sources. On the one hand, long-term volatility may re-
flect differences in students’ conceptual understanding, shifts
in problem-solving strategies, or the transfer of knowledge
across questions. On the other hand, short-term volatility is
induced by recent and occasional behaviors, such as answer-
ing incorrectly due to carelessness (occasional errors) or get-
ting a correct answer by chance without actual mastery (lucky
guesses), as depicted in Figure 1. These multidimensional
sources of volatility impose more stringent requirements on
the accurate modeling of learners’ knowledge states and pose
substantial challenges to the robustness and adaptivity of KT
models.

To address the aforementioned challenges, we propose
CWKT, a novel knowledge tracing model that captures
multi‑scale volatility in students’ interaction behaviors. In
CWKT, each interaction is represented as a Gaussian em-
bedding whose mean encodes the student’s baseline cogni-
tive level and whose covariance quantifies both long‑term
volatility. Figure 2 provides an illustrative comparison be-
tween conventional deterministic embeddings and the pro-
posed Gaussian representations, demonstrating how Gaussian
embeddings more effectively capture volatility in learning dy-
namics under varying degrees of interaction volatility.
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Figure 2: Comparison of fixed and gaussian embeddings

To address local volatility in the learning process—such as
occasional mistakes or lucky guesses—CWKT employs a fre-
quency decomposition technique (van den Oord et al., 2016).
This method extracts dynamic cognitive features across mul-
tiple frequency bands from students’ sequential interactions,
thereby enabling a more com- prehensive characterization of
local cognitive volatility. Our main contributions are summa-
rized as follows:
• We propose modeling students’ interaction behaviors as

Gaussian distributions, where the mean and covariance, re-
spectively, capture the baseline cognitive level and long-
term cognitive volatility. Furthermore, we propose an fre-
quency decomposition to extract fine-grained local cogni-
tive volatility from sequential interactions.

• We design an attention penalty mechanism that guides the
model to appropriately balance attention between long-
term and local volatility during training, thereby enhancing

its ability to model students’ dynamic cognitive states with
improved robustness.

• We conduct extensive experiments on four public educa-
tional datasets, demonstrating that our proposed model out-
performs several strong baseline models in prediction per-
formance. Additional analyses further validate the model’s
effectiveness in capturing volatility within student interac-
tions.

Related Work
Prior to the advent of deep learning, Knowledge Tracing (KT)
was predominantly modeled using probabilistic and Bayesian
approaches (Corbett & Anderson, 1994; Pavlik et al., 2009;
Yudelson et al., 2013), which represented students’ mastery
states as latent variables and updated them through principled
probabilistic inference. With the rise of deep learning, KT
models have evolved along several major directions. Sequen-
tial models, such as DKT (Piech et al., 2015) and its variants
(Liu, Liu, Chen, Huang, Gao, et al., 2023; Shen et al., 2021;
Yeung & Yeung, 2018), formulate KT as a sequence model-
ing problem and encode students’ evolving knowledge states
using recurrent or related architectures. Memory-augmented
models, including DKVMN (Zhang et al., 2017) and its exten-
sions (Abdelrahman & Wang, 2019, 2022), explicitly main-
tain external memory slots to track mastery over latent con-
cepts. Graph-based models (Nakagawa et al., 2019; H. Tong
et al., 2022; S. Tong et al., 2020) leverage graph neural net-
works to model structured dependencies among concepts and
propagate knowledge states across the concept graph. More
recently, attention-based and Transformer-style models, such
as SAKT (Pandey & Karypis, 2019) and SAINT (Choi et al.,
2020), have employed self-attention mechanisms to capture
long-range dependencies in interaction sequences, with sub-
sequent works incorporating temporal biases to better handle
sequence sparsity and irregularity (Liu, Liu, Chen, Huang, &
Luo, 2023; Yin et al., 2023).

Methodology
We present the overall framework of CWKT in Figure 3,
comprising five key modules: (1) Input Encoding: models
each student interaction as a Gaussian embedding, with mean
and covariance capturing stable cognitive state and long-term
volatility; (2) Local Volatility Extraction: extracts short-term
volatility from the interaction sequence; (3) Wasserstein Self-
Attention: leverages Wasserstein distance to compare Gaus-
sian embeddings and track temporal knowledge evolution; (4)
Attention Penalty: regularizes attention to balance local and
long-term volatility; (5) Prediction: a two-layer fully con-
nected network predicts future student performance from the
integrated cognitive representation.

Input Encoding Module
Inspired by STOSA (Fan et al., 2022) and UKT (Cheng et al.,
2025), we model each interaction as a Gaussian embedding
with mean and covariance, capturing stable cognitive state

1964



����

�(��,��)���

��

�(��,��)

��� ��� ���

⊙
⊕

���∑��

����∑���
�� ��

⊙
⊕

���

����

V

k

q

Scores Linear Bias

��1 ∑�1

�� ∑�1

��2 ∑�2

��2 ∑�2

��3 ∑�3

��3 ∑�3

�1

�3

�2

�12 =− �2 (�1, �2)

�13 =− �2 (�1, �3)

− �2(⋅ , ⋅):Negative Wasserstein Distance

���+1, ∑��+1

Prediction L
ayerℎ�+1

� , ℎ�+1
∑

��+1

(1) Input Encoding (2) Local Volatility Extraction

(3) Wasserstein Attention

(4) Attention Penalty (5) Prediction

stablelocal volatility

Input

⊕
Output

Figure 3: The framework of CWKT

and long-term volatility. Responses are mapped to associated
Knowledge Concepts (KCs), with independent per-KC evalu-
ations for fine-grained mastery, yielding a multi-dimensional
elliptical representation of student cognition. The embed-
dings are defined as:

𝜇𝑐𝑡 = 𝑊
𝑞
𝜇 · 𝑒𝑐𝑡 , Σ𝑐𝑡 = 𝑊

𝑞
Σ · 𝑒𝑐𝑡 (1)

𝜇𝑞𝑡 = 𝜇𝑐𝑡 ⊕ 𝑑𝑞𝑡 ⊙ 𝑣𝑐𝑡 , Σ𝑞𝑡 = Σ𝑐𝑡 ⊕ 𝑑𝑞𝑡 ⊙ 𝑣𝑐𝑡 (2)
Here, 𝑒𝑐𝑡 is the 𝑛-dimensional one-hot embedding of knowl-
edge component 𝑐𝑡 , and𝑊𝑞

𝜇 ,𝑊
𝑞
Σ ∈ R𝑑×𝑛𝑐 are learnable linear

transformations. 𝑑𝑞𝑡 denotes a learnable question difficulty
embedding. 𝑣𝑐𝑡 captures the variation of KCs, and 𝑣 (𝑐𝑡 ,𝑟𝑡 )
represents the KC-response variation for question 𝑞𝑡 under
response 𝑟𝑡 . 𝜇𝑞𝑡 and Σ𝑞𝑡 are the mean and covariance em-
beddings of the question.

𝜇𝑐𝑡 ,𝑟𝑡 = 𝑊
𝑟
𝜇 · e(ct,rt) , Σ𝑐𝑡 ,𝑟𝑡 = 𝑊

𝑟
Σ · e(ct,rt) (3)

𝜇𝑞𝑎𝑡 = 𝜇𝑐𝑡 ,𝑟𝑡 ⊕ 𝑑𝑞𝑡 ⊙ 𝑣 (𝑐𝑡 ,𝑟𝑡 ) (4)

Σ𝑞𝑎𝑡 = Σ𝑐𝑡 ,𝑟𝑡 ⊕ 𝑑𝑞𝑡 ⊙ 𝑣 (𝑐𝑡 ,𝑟𝑡 ) (5)
where e(𝑐𝑡 ,𝑟𝑡 ) represents the joint embedding of 𝑐𝑡 and the
corresponding response 𝑟𝑡 , and the matrices 𝑊𝑟

𝜇,𝑊
𝑟
Σ ∈

R𝑑×(𝑛𝑐+2) are learnable linear transformations. The vector
𝜇𝑞𝑎𝑡 and Σ𝑞𝑎𝑡 denote the mean and covariance embeddings of
the student-question interaction. The operators ⊙ and ⊕ de-
note element-wise multiplication and addition, respectively,
while 𝑛𝑐 indicates the total number of KCs.

Local Volatility Extraction Module
Frequency decomposition, effective for cognitive feature ex-
traction (Zhou et al., 2023), enables Knowledge Tracing to
jointly model stable learning patterns and local volatility (Hou
et al., 2025). We apply convolutional filters of size 𝑘 to
the mean vectors of questions and interactions (𝜇𝑞𝑡 , 𝜇𝑞𝑎𝑡 ) to
extract low-frequency, stable components, and obtain high-
frequency residuals reflecting local volatility; these compo-
nents are then adaptively fused to produce multi-scale cogni-
tive representations. Formally, 𝜇𝑞𝑡 , 𝜇𝑞𝑎𝑡 ∈ R𝑁×𝐿×𝐷 .

𝜇′𝑞𝑡 = 𝑃
(
𝜇𝑞𝑡 , [0, 2, 1]

)
, S

[
𝜇𝑞𝑡

]
= 𝐶

(
𝜇′𝑞𝑡

)
(6)

S′ [𝜇𝑞𝑡 ] = 𝑃 (
S
[
𝜇𝑞𝑡

]
, [0, 2, 1]

)
(7)

Here, 𝑁 , 𝐿, and𝐷 denote batch size, sequence length, and em-
bedding dimension. 𝑃 and 𝐶 are the permutation and causal
convolution operations, whileS[·] and F [·] extract stable and
fluctuating cognitive components, respectively.

F
[
𝜇𝑞𝑡

]
= 𝜇𝑞𝑡 − S′ [𝜇𝑞𝑡 ] (8)

𝜇𝑞𝑡 = S′ [𝜇𝑞𝑡 ] + 𝜏F [
𝜇𝑞𝑡

]
= (1 − 𝜏)𝑆′

[
𝜇𝑞𝑡

]
+ 𝜏𝜇𝑞𝑡 (9)

where 𝜏 is a learnable fusion coefficient. We illustrate the
fusion on 𝜇𝑞𝑡 , noting that 𝜇𝑞𝑎𝑡 undergoes an analogous pro-
cess. This decomposition and fusion effectively extract local
cognitive volatility from students’ interaction states.

Wasserstein Self-Attention Module
Dot-product attention in traditional KT models captures only
linear vector similarity and overlooks distributional features
of Gaussian embeddings, such as probabilistic distance, sup-
port overlap, and variance. We adopt a Wasserstein distance–
based attention (Clement & Desch, 2008; Fan et al., 2023)
to directly measure similarity between Gaussian distributions.
Moreover, separate positional embeddings 𝑃𝜇, 𝑃Σ ∈ R𝑛𝑐×𝑑

are introduced for mean and covariance, enabling enriched
sequence embeddings that capture both temporal and distri-
butional dynamics of student interactions and their associated
knowledge concepts.

𝜇𝑞𝑡 =
[
𝜇𝑞𝑡1 + 𝑃

𝜇
𝑡1
, 𝜇𝑞𝑡2 + 𝑃

𝜇
𝑡2
, · · · , 𝜇𝑞𝑡𝑛 + 𝑃𝜇

𝑡𝑛

]
(10)

Σ̃𝑞𝑡 =
[
Σ𝑞𝑡1

+ 𝑃Σ
𝑡1 , Σ𝑞𝑡2

+ 𝑃Σ
𝑡2 , · · · , Σ𝑞𝑡𝑛 + 𝑃Σ

𝑡𝑛

]
(11)

𝜇𝑞𝑎𝑡 =
[
𝜇𝑞𝑎𝑡1 + 𝑃

𝜇
𝑡1
, 𝜇𝑞𝑎𝑡2 + 𝑃

𝜇
𝑡2
, · · · , 𝜇𝑞𝑎𝑡𝑛 + 𝑃𝜇

𝑡𝑛

]
(12)

Σ̃𝑞𝑎𝑡 =
[
Σ𝑞𝑎𝑡1

+ 𝑃Σ
𝑡1 , Σ𝑞𝑎𝑡2

+ 𝑃Σ
𝑡2 , · · · , Σ𝑞𝑎𝑡𝑛 + 𝑃Σ

𝑡𝑛

]
(13)

𝜇𝑞𝑡 = 𝜇𝑞 , 𝜇𝑞𝑎𝑡 = 𝜇𝑞𝑎 (14)
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Additionally, to ensure the positive definiteness of the covari-
ance, we use the Exponential Linear Unit (ELU) activation
function to map the covariance inputs to the range [−1,+∞]

Σ𝑞𝑡 = 𝐸𝐿𝑈
(
𝑑𝑖𝑎𝑔

(
Σ̃𝑞

))
+1, Σ𝑞𝑎𝑡 = 𝐸𝐿𝑈

(
𝑑𝑖𝑎𝑔

(
Σ̃𝑞𝑎

))
+1

(15)
We use the 2-Wasserstein distance 𝑊2 (·, ·) and apply it in
knowledge retrieval. The computation method is as follows.

St+1 = −𝑊2
2 (𝑄𝑡 , 𝑄𝑎𝑡 )

= −
( 

𝜇𝑞 − 𝜇𝑞𝑎



2
2 + tr

(
Σ𝑞 + Σ𝑞𝑎 − 2

(
Σ

1
2
𝑞 Σ𝑞𝑎Σ

1
2
𝑞

) 1
2
) )
(16)

Attention Penalty Module
Standard attention often overweights long-term cognitive
volatility, underrepresenting local volatility that reflects short-
term student responses. This can fragment the model’s view
of cognition, reducing coherence and generalization. Inspired
by FoLiBiKT (Im et al., 2023), we add a linear bias to attention
scores as a regularizer, forming the Attention Penalty Module
𝑔:

𝐵 =


𝑏11 𝑏12 · · · 𝑏1 𝑗
𝑏21 𝑏22 · · · 𝑏2 𝑗
...

...
. . .

...
𝑏𝑖1 𝑏𝑖2 · · · 𝑏𝑖 𝑗


(17)

𝑏𝑖 𝑗 = −2−8 𝑛
𝐻 · |𝑖 − 𝑗 | (18)

where 2−8 𝑛
𝐻 represents the coefficient used to adjust the atten-

tion scores of the n-th attention head among H total attention
heads.

𝑔 (𝑆, 𝐵, 𝑀) = 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥{(𝑆 ⊕ 𝐵) ⊙ 𝑀} (19)

where 𝑆, 𝐵, and 𝑀 denote attention scores, linear bias, and
the causal mask, respectively, with Softmax{·} representing
the softmax operation. 𝑀 ensures the model cannot access
future interactions. Implementation details are as follows:

𝑚𝑖 𝑗 =

{
1, if 𝑖 ≥ 𝑗

0, otherwise
(20)

where𝑚𝑖 𝑗 denotes the element in the 𝑖-th row and 𝑗-th column
of the matrix 𝑀 .

Prediction
In this section, we first retrieve the knowledge state at time
step 𝑡+1, and then employ a two-layer fully connected neural
network to finely model the knowledge state. The implemen-
tation is as follows:

𝑄
𝜇
𝑡+1 = 𝜇𝑞𝑡+1 , 𝑄Σ

𝑡+1 = Σ𝑞𝑡+1 ,

𝐾
𝜇
𝑗 = 𝜇𝑞 𝑗 , 𝐾Σ

𝑗 = Σ𝑞 𝑗 ,

𝑉
𝜇
𝑗 = 𝜇𝑞𝑎 𝑗 , 𝑉Σ

𝑗 = Σ𝑞𝑎 𝑗 (21)

where 𝑗 = 1, · · · , 𝑡. While the 2-Wasserstein distance follows
the same formulation as in Equation (16), we adopt its square
root form here to explicitly quantify the cognitive volatility
between the predicted state and the observed interaction.

𝑊2
𝑡+1, 𝑗 = 𝑊

2
2
(
N(𝑄𝜇

𝑡+1, 𝑄
Σ
𝑡+1),N(𝐾𝜇

𝑗 , 𝐾
Σ
𝑗 )
)

(22)

𝛼𝑡+1, 𝑗 =
exp

(
−𝑊2

𝑡+1, 𝑗
)∑𝑡

𝑖=1 exp
(
−𝑊2

𝑡+1,𝑖
) , (23)

where N(·, ·) denotes a Gaussian distribution and 𝛼𝑡+1, 𝑗 rep-
resents the normalized attention weight computed based on
the Wasserstein distance. The index 𝑖 enumerates all historical
time steps from 1 to 𝑡 and is used in the softmax denominator
to ensure proper normalization of all past keys.

ℎ̂
𝜇
𝑡+1 =

𝑡∑
𝑗=1
𝑔(𝛼𝑡+1, 𝑗 , 𝐵, 𝑀) · 𝑉 𝜇

𝑗 (24)

ℎ̂Σ𝑡+1 =
𝑡∑
𝑗=1
𝑔(𝛼𝑡+1, 𝑗 , 𝐵, 𝑀) · 𝑉Σ

𝑗 (25)

ℎ
𝜇
𝑡+1 = 𝑊3 · ReLU

(
𝑊1 ·

[
ℎ̂
𝜇
𝑡+1 ; 𝜇𝑞𝑡+1

]
+ 𝑏1

)
+ 𝑏2 (26)

ℎΣ𝑡+1 = ELU
(
𝑊5 · ReLU

(
𝑊4 · [ℎ̂Σ𝑡+1 ; Σ𝑞𝑡+1 ] + 𝑏3

)
+ 𝑏4

)
+ 1

(27)

where 𝑊1,𝑊4 ∈ E𝑑×2𝑑 , 𝑊3,𝑊5 ∈ E𝑑×𝑑 and 𝑏1, 𝑏2, 𝑏3, 𝑏4 ∈
E𝑑×1 are all trainable parameters. Finally, a fully connected
neural network layer is employed to make the prediction. The
prediction function is optimized by minimizing the binary
cross-entropy loss between the predicted response 𝑟̂𝑡+1 and the
ground truth response 𝑟𝑡+1. The formulation is as follows:

𝑟̂𝑡+1 = 𝜓
(
w⊤ · ReLU

(
ℎ
𝜇
𝑡+1 ; ℎΣ𝑡+1

)
+ 𝑏

)
(28)

L = −
∑
𝑡

(𝑟𝑡+1 · log (𝑟̂𝑡+1) + (1 − 𝑟𝑡+1) · log (1 − 𝑟̂𝑡+1))

(29)
where 𝜓 denotes the Sigmoid function. w ∈ E𝑑×1 is a weight
matrix, and 𝑏 is a scalar bias term. w and 𝑏 are all trainable
parameters.

Experiments
Following (Liu et al., 2022), 80% of the data were used for
five-fold cross-validation and 20% for final testing. Sequences
shorter than three interactions were discarded, and remaining
sequences were padded or truncated to length 200. Models
were trained with Adam for up to 200 epochs, using early stop-
ping after ten non-improving validation epochs. Learning rate
was 1e-4, batch size 80, embedding dimension 256, and ker-
nel size 𝑘 = 5. Attention heads and transformer blocks were
selected from [4,8] and [2,4], respectively. Gradient clipping
with global norm 0.2 was applied to prevent explosion. Ex-
periments ran on an NVIDIA A4000 GPU, and performance
was evaluated with AUC and ACC.
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Models AUC ACC
AS2009 AL2005 BD2006 NIPS34 AS2009 AL2005 BD2006 NIPS34

DKT 0.7541±0.0014 0.8149±0.0011 0.8015±0.0008 0.7689±0.0002 0.7297±0.0011 0.8097±0.0005 0.8553±0.0002 0.7032±0.0004
DKVMN 0.7629±0.0009 0.8054±0.0011 0.7983±0.0009 0.7673±0.0004 0.7266±0.0007 0.8027±0.0007 0.8545±0.0002 0.7016±0.0005
GKT 0.7666±0.0012 0.8110±0.0009 0.8046±0.0008 0.7689±0.0024 0.7290±0.0015 0.8088±0.0008 0.8511±0.0004 0.7014±0.0028
AKT 0.7853±0.0017 0.8306±0.0019 0.8208±0.0007 0.8033±0.0003 0.7429±0.0015 0.8124±0.0011 0.8587±0.0005 0.7323±0.0005
ATKT 0.7470±0.0008 0.7995±0.0023 0.7889±0.0008 0.7665±0.0003 0.7332±0.0009 0.7998±0.0019 0.8555±0.0002 0.7013±0.0002
Dtransformer 0.7725±0.0013 0.8188±0.0025 0.8093±0.0009 0.7994±0.0003 0.7304±0.0012 0.8043±0.0021 0.8555±0.0007 0.7295±0.0007
simpleKT 0.7744±0.0018 0.8254±0.0003 0.8160±0.0006 0.8035±0.0000 0.7315±0.0011 0.8067±0.0011 0.8567±0.0010 0.7328±0.0001
FoLiBiKT 0.7620±0.0011 0.8310±0.0010 0.8199±0.0008 0.8029±0.0012 0.7362±0.0015 0.8045±0.0021 0.8531±0.0003 0.7322±0.0008
QIKT 0.7812±0.0011 0.8118±0.0011 0.7937±0.0013 0.8006±0.0007 0.7362±0.0015 0.8045±0.0021 0.8531±0.0003 0.7305±0.0005
FlucKT 0.7818±0.0004 0.8316±0.0010 0.8247±0.0028 0.8016±0.0020 0.7373±0.0012 0.8143±0.0041 0.8562±0.0017 0.7313±0.0019
extraKT 0.7773±0.0009 0.8313±0.0021 0.8235±0.0006 0.8041±0.0003 0.7360±0.0015 0.8110±0.0009 0.8605±0.0012 0.7340±0.0004
UKT 0.7857±0.0014 0.8338±0.0012 0.8178±0.0009 0.8030±0.0004 0.7380±0.0021 0.8139±0.0011 0.8531±0.0006 0.7316±0.0004
CWKT(ours) 0.7905±0.0013 0.8438±0.0007 0.8284±0.0001 0.8074±0.0005 0.7414±0.0006 0.8231±0.0003 0.8612±0.0003 0.7352±0.0006

Table 1: Overall performance of CWKT and baselines

Dataset interactions students KCs Avg. interactions/student

AS2009 337,415 4217 123 80.1
AL2005 607,021 574 112 1057.5
BD2006 1,817,458 1,145 493 1587.3
NIPS34 1,382,678 4,918 948 281.8

Table 2: Statistics of the four real-world datasets

Models AL2005 BD2006 NIPS34

CWKT 0.8438±0.0007 0.8284±0.0001 0.8074±0.0005
CWKT w/o W 0.8320±0.0012 0.8122±0.0014 0.8022±0.0009
CWKT w/o AP 0.8411±0.0010 0.8233±0.0005 0.8055±0.0007
CWKT w/o LVE 0.8405±0.0011 0.8225±0.0007 0.8034±0.0002
CWKT w/o AP & LVE 0.8223±0.0025 0.8101±0.0030 0.7981±0.0027

Table 3: AUC comparison of ablation experiments

Datasets
Experiments were conducted on four datasets, with key statis-
tics presented in Table 2.

Baselines
To assess the proposed model’s effectiveness, we benchmark
it against ten state‑of‑the‑art KT methods: DKT (Piech et
al., 2015), DKVMN (Zhang et al., 2017), GKT (Nakagawa
et al., 2019), AKT (Ghosh et al., 2020), ATKT (Guo et al.,
2021), FoLiBiKT (Im et al., 2023), DTransformer (Yin et
al., 2023), simpleKT (Liu, Liu, Chen, Huang, & Luo, 2023),
QIKT (Chen et al., 2023), extraKT (Li et al., 2024), FlucKT
(Hou et al., 2025) and UKT (Cheng et al., 2025).

Overrall Performances
As shown in Table 1, our model consistently outperforms ex-
isting KT methods. On AL2005, it achieves AUC 0.8438
(+1.00% over UKT) and 0.92% ACC gain; on BD2006, AUC
rises from 0.8178 to 0.8284 (+1.06%) with 0.81% ACC im-

provement. Compared to extrakt, which ignores volatility,
AUC improves by 1.25–1.3% with similar ACC gains. Un-
like UKT, which models uncertainty via Gaussian embed-
dings but neglects short-term volatility, our approach captures
both long- and short-term volatility , yielding superior, gen-
eralizable KT performance.

Ablation Study
To assess the contribution of individual components, we eval-
uate four ablated variants of CWKT (Table 3). “w/o AP”
removes the Attention Penalty module, “w/o LVE” excludes
the Local Volatility Extraction module, and “w/o AP&LVE”
eliminates both. In “w/o W”, the Wasserstein distance is re-
placed with dot-product similarity to test whether distribution-
level alignment is necessary. All ablated variants exhibit
clear performance degradation: removing AP or LVE weak-
ens the modeling of local cognitive volatility, while substi-
tuting Wasserstein attention substantially reduces the model’s
ability to capture both mean shifts and covariance structures.
These results confirm the complementary roles of AP, LVE,
and Wasserstein attention in robust knowledge tracing.

Attention Analysis
To examine the effects of AP and LVE on attention behav-
ior, we visualize the attention distributions of different CWKT
variants in Figure 4. In the full CWKT model, first-layer at-
tention is strongly concentrated along the diagonal, indicating
an initial focus on short-term local cognitive volatility, such
as consecutive errors or abrupt performance changes. This
pattern is induced by the residual convolution in LVE, which
performs a low–high frequency decomposition and amplifies
high-frequency components corresponding to local volatility.
As the network deepens, attention gradually shifts toward a
more global distribution, while AP suppresses low-relevance
long-term volatility, enabling a balanced integration of lo-
cal and long-term cognitive signals. In contrast, CWKT w/o
AP&LVE exhibits diffuse attention even in early layers, with
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Figure 4: Attention scores in CWKT variants (w/o)

minimal structural evolution across depth, suggesting indis-
criminate reliance on global historical trends without isolat-
ing salient local events. When only AP is removed (w/o AP),
distinct localized attention clusters emerge at positions asso-
ciated with consecutive errors or sudden gains, highlighting
LVE’s ability to capture and propagate local cognitive volatil-
ity through stable–volatile dual-channel modeling. By com-
parison, CWKT w/o LVE shows diagonal concentration in
shallow layers but increasingly shifts attention toward long-
term volatility at deeper layers, indicating compensation for
the absence of explicit local volatility modeling.

Interpretability of Learned Covariance
Figure 5 compares two representative students from Alge-
bra 2005 with similar average mastery but different covari-
ance magnitudes. Despite comparable mean performance, the
high-covariance student exhibits persistent covariance fluctu-
ations across the sequence, accompanied by frequent alterna-
tions between correct and incorrect responses, indicating sus-
tained behavioral instability. In contrast, the low-covariance
student shows moderate fluctuations in early interactions, fol-
lowed by a smoother trajectory as learning progresses, with
occasional short-lived spikes that quickly decay. As the mean
values are nearly identical, these differences cannot be ex-
plained by overall mastery. Instead, the learned covariance
captures a distinct aspect of learning behavior beyond aver-
age performance, associated with the persistence of learning
volatility over time, consistent with CWKT’s design in which

0.65

0.70

0.74

0.79

0.83

0.88

Va
lu

e

×××××××× ××××× ××× ××××××××××××××× ××××

(a) Avg Cov = 0.785, Avg  = 0.727

Covariance
 (Mean)

0 10 20 30 40 50
0.65

0.70

0.74

0.79

0.83

0.88

Va
lu

e

××× ××× ×× ×× × × ×× ×

(b) Avg Cov = 0.725, Avg  = 0.730

Covariance
 (Mean)

Question Sequence

Figure 5: Visualization of Students in the Algebra 2005

covariance is accumulated through Gaussian embeddings.

Conclusion
We propose CWKT, a knowledge tracing model capturing
student learning volatility using Gaussian embeddings pa-
rameterized by mean and covariance for long-term cogni-
tive dynamics, combined with frequency decomposition and
an attention-penalty mechanism to extract and balance local
volatility. Experiments on multiple benchmarks show CWKT
consistently surpasses state-of-the-art methods in detecting
and adapting to behavioral volatility. Future work will inte-
grate affective analysis to uncover psychological drivers, en-
hancing modeling of complex learning behaviors.
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