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Abstract
Knowledge Tracing (KT) aims to dynamically model a stu-
dent’s mastery of knowledge concepts based on their his-
torical learning interactions. Most current methods rely on
single-point estimates, which cannot distinguish true ability
from outburst or carelessness, creating ambiguity in judg-
ing mastery. To address this issue, we propose a Knowledge
Mastery-State Disambiguation for Knowledge Tracing model
(KeenKT), which represents a student’s knowledge state at
each interaction using a Normal-Inverse-Gaussian (NIG) dis-
tribution, thereby capturing the fluctuations in student learn-
ing behaviors. Furthermore, we design an NIG-distance-
based attention mechanism to model the dynamic evolution
of the knowledge state. In addition, we introduce a diffusion-
based denoising reconstruction loss and a distributional con-
trastive learning loss to enhance the model’s robustness. Ex-
tensive experiments on six public datasets demonstrate that
KeenKT outperforms SOTA KT models in terms of predic-
tion accuracy and sensitivity to behavioral fluctuations. The
proposed method yields the maximum AUC improvement of
5.85% and the maximum ACC improvement of 6.89%.

Code — https://github.com/HubuKG/KeenKT

1 Introduction
Knowledge Tracing (KT) (Liu et al. 2021b) is a foundational
technique for enabling personalized education, aiming to dy-
namically infer a student’s mastery of Knowledge Concepts
(KCs) based on their historical learning interactions, and
predict future performance (Corbett and Anderson 1994). In
recent years, the growing scale of learning data and the in-
creasing complexity of student behavior (Cheng et al. 2022)
have imposed higher demands on the representational power
and robustness of KT models.

KT has progressed through three primary phases (Ab-
delrahman, Wang, and Nunes 2023). Initially, early prob-
abilistic models (Yudelson, Koedinger, and Gordon 2013)
represented a student’s mastery of each KC as a binary
vector, with subsequent models incorporating temporal de-
pendencies (Käser et al. 2017). This was followed by the
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Figure 1: Illustration of behavioral ambiguity in knowledge
tracing and our method. (a) Behavioral Ambiguity: The
same error was made by two students from different causes
(Carelessness and Misunderstanding). (b) Distributional Di-
agnosis: The Normal-Inverse-Gaussian distribution is used
to model the students’ knowledge mastery state.

emergence of logistic regression models (Cen, Koedinger,
and Junker 2006; Pavlik, Cen, and Koedinger 2009), which
leveraged exercise-KC interaction features to transform the
estimation of mastery probability into interpretable linear or
nonlinear relationships. Finally, with the rise of deep learn-
ing, deep KT models (Piech et al. 2015; Yeung and Ye-
ung 2018; Nagatani et al. 2019) emerged, utilizing LSTM
networks (Hochreiter and Schmidhuber 1997) to capture
long-range dependencies. Subsequent memory-augmented
models (Zhang et al. 2017; Abdelrahman and Wang 2019)
employed external memory mechanisms to store and up-
date knowledge states (KS). Later, attention-based mod-
els (Pandey and Karypis 2019; Ghosh, Heffernan, and Lan
2020; Choi et al. 2020) proved highly effective in captur-
ing global dependencies within sequences. Most recently,
graph neural network-based models (Nakagawa, Iwasawa,
and Matsuo 2019; Park, Lee, and Park 2024) have en-
abled the explicit modeling of relationships between con-
cepts through graph-structured representations.
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Despite the notable progress in prediction accuracy, ex-
isting methods often struggle to handle sporadic behaviors
commonly observed in real learning scenarios, such as out-
bursts or carelessness. These non-knowledge-related fac-
tors are often misinterpreted as fluctuations in student abil-
ity, leading to ambiguities in KS estimation. As illustrated
in Figure 1(a), Student A and Student B both incor-
rectly answer the same division question, yet the underly-
ing causes differ substantially: Student A lacks concep-
tual understanding, while Student B, who has mastered
the concept, errs due to carelessness. In such cases, point-
estimate-based models (Shen et al. 2020) cannot distinguish
between different causes of identical observable behaviors.
To address this limitation, recent studies have explored dis-
tributional modeling methods, which represent KS as sym-
metric probability distributions (Cheng et al. 2025). This al-
lows models to capture the volatility in KS (Huang et al.
2023; Hou et al. 2025), but the symmetric distribution can
only assume an equilibrium of the distribution, leading to
the misestimation of marginalized groups by the model.

To this end, we propose KeenKT, a KT model designed
to disambiguate KS. KeenKT adopts the Transformer-based
architecture and represents each student interaction using
the asymmetric Normal-Inverse-Gaussian (NIG) distribu-
tion, which explicitly encodes the distributional character-
istics of mastery states. To further enhance robustness, the
model integrates the diffusion-based denoising reconstruc-
tion module and the distributional contrastive learning strat-
egy. As shown in Figure 1(b), KeenKT successfully mod-
els the KS of Students A and Student B using four-
parameter NIG distributions, effectively distinguishing true
mastery from behavioral noise based on their respective dis-
tributional forms. Our main contributions are as follows:

• We introduce the distributional modeling framework for
KT by representing students’ KS as NIG distributions,
enabling the modeling of students’ behavioral fluctua-
tion and improving the model’s ability to identify atypi-
cal learning behaviors.

• We enhance the standard Transformer architecture by re-
placing the dot-product attention mechanism with a NIG
distance-based attention mechanism, and incorporating
both diffusion-based denoising reconstruction and distri-
butional contrastive learning to improve robustness.

• We conduct extensive experiments on six public bench-
mark datasets, where KeenKT outperforms 10 compet-
itive baselines in terms of AUC, achieving an average
AUC improvement of 2.42% across six datasets.

2 Related Work
Knowledge Tracing (KT) is a core task in intelligent educa-
tional systems, which aims to dynamically model a student’s
mastery of Knowledge Concepts (KCs) based on their his-
torical interactions with learning content. KT methods have
evolved from early probabilistic models (Pelánek 2017) to
deep learning-based methods (Song et al. 2022), greatly
enhancing their capacity to predict. KT methods can be
broadly divided into four categories:

Probabilistic Models BKT (Yudelson, Koedinger, and
Gordon 2013) is one of the earliest methods for modeling
the probability that a student has mastered a specific con-
cept. It treats each concept as a binary latent variable and
employs a Hidden Markov Model to represent transitions
between the “unmastered” and “mastered” states over time.
Based on BKT, FBKT (Liu et al. 2021a) introduces a for-
getting parameter, allowing students to regress from a mas-
tered state to an unmastered one, which better reflects real-
istic cognitive. These models, though powerful, still rely on
binary assumptions, paving the way for logistic models.

Logistic Models LFA (Cen, Koedinger, and Junker 2006)
is a logistic regression–based method that estimates stu-
dents’ knowledge mastery by jointly modeling three key fac-
tors: student ability, concept difficulty, and cumulative prac-
tice frequency. Building upon this framework, PFA (Pavlik,
Cen, and Koedinger 2009) further distinguishes the effects
of correct and incorrect practice by separately incorporating
the number of successful and failed attempts, thereby en-
hancing the model’s capacity to capture students’ real-time
learning states. As datasets expanded, the need for automatic
feature learning encouraged a transition from logistic mod-
els to deep learning models.

Deep Learning Models DKT (Piech et al. 2015) employs
LSTM networks (Chen et al. 2023; Bai et al. 2025b) to
capture long-range temporal dependencies in student learn-
ing sequences. DKVMN (Zhang et al. 2017) and SKVMN
(Abdelrahman and Wang 2019) enhance this framework by
introducing external memory mechanisms (Lee and Yeung
2019) to store and dynamically update representations of
KCs. To improve the modeling performance of long se-
quences, the attention mechanism (Im et al. 2023; Li et al.
2024b) is widely applied. Subsequently, SAKT (Pandey
and Karypis 2019) integrates the Transformer architecture
(Pandey and Srivastava 2020; Wang et al. 2021; Shen et al.
2022; Yin et al. 2023; Bai et al. 2025a) into the KT domain,
capturing interactions from historical responses. GKT (Nak-
agawa, Iwasawa, and Matsuo 2019) was the first to introduce
Graph Neural Networks (GNNs) into KT, organizing knowl-
edge concepts into a graph structure to model inter-concept
relations. These deep models are sensitive to noise, motivat-
ing research on robustness-enhanced models.

Robustness-Enhanced Models Recent studies have pro-
posed various methods to enhance the robustness and struc-
tural expressiveness (Long et al. 2021; Shen et al. 2021; Liu
et al. 2023a; Li et al. 2024a) of KT models. ATKT (Guo et al.
2021) introduces an adversarial training mechanism, gener-
ating perturbations during training to guide the model to-
ward stable representations under anomalous behavior. UKT
(Cheng et al. 2025) models the student’s knowledge state
as a Gaussian distribution, parameterized by both mean and
variance, thereby explicitly capturing uncertainty.

Existing models predominantly represent students’
knowledge states as latent random variables but remain in-
herently unobservable. This formulation inadequately cap-
tures the occasional fluctuations of knowledge states, conse-
quently compromising prediction accuracy.

19286



QKV

Concat

Linear

𝐪𝐪𝐚𝐚_𝐯𝐯𝐯𝐯𝐯𝐯 𝐪𝐪_𝐯𝐯𝐯𝐯𝐯𝐯 𝐪𝐪_𝐯𝐯𝐯𝐯𝐯𝐯

NIG Distance Attention

Var.

𝐪𝐪𝐚𝐚_𝐦𝐦𝐦𝐦𝐦𝐦𝐦𝐦𝐪𝐪_𝐦𝐦𝐦𝐦𝐦𝐦𝐦𝐦𝐪𝐪_𝐦𝐦𝐦𝐦𝐦𝐦𝐦𝐦

Linear

Q K V

Concat

Linear

NIG Distance Attention

Mean

Temporal Pooling

ℒtotal = ℒBCE + λ1ℒMSE + λ2ℒNIGNCE
Linear LinearLinear LinearLinear

𝜷𝜷 Asymmetry parameter of NIG distribution

𝜹𝜹 Scale parameter of NIG distribution

𝝁𝝁 Location parameter of NIG distribution

𝜶𝜶 Shape parameter of NIG distribution

(c) Confidence-Aware Predictor

Feature Concat

ReLU
ReLU

Sigmoid

P

𝐫𝐫𝐭𝐭+𝟏𝟏

MLP

BCE Loss
ℒBCE

𝐯𝐯𝐯𝐯𝐯𝐯 = 𝜹𝜹 ×
𝜶𝜶
𝜸𝜸1.5𝐦𝐦𝐞𝐞𝐚𝐚𝐚𝐚 = 𝝁𝝁 +

𝜹𝜹 ⋅ 𝜷𝜷
𝜸𝜸

𝐪𝐪_𝐦𝐦𝐦𝐦𝐦𝐦𝐦𝐦

𝐪𝐪𝐚𝐚_𝐦𝐦𝐦𝐦𝐦𝐦𝐦𝐦

𝐪𝐪_𝐯𝐯𝐯𝐯𝐯𝐯

𝐪𝐪𝐚𝐚_𝐯𝐯𝐯𝐯𝐯𝐯

𝐪𝐪, 𝐫𝐫

𝐪𝐪 𝐪𝐪, 𝐫𝐫

𝝁𝝁 𝜹𝜹 𝜶𝜶 𝜷𝜷

𝜸𝜸 = 𝜶𝜶2 − 𝜷𝜷2

Difficulty

𝐪𝐪𝐭𝐭+𝟏𝟏, 𝐫𝐫𝐭𝐭+𝟏𝟏𝐳𝐳orig

Gaussian Noise

Diffusion Network

MLP

ReLU
Denoised

MSE LossNIG Distance

Data Augmentation

NIGNCE Loss

ℒMSE

ℒNIGNCE

Temporal Pooling

𝐳𝐳orig
0.0
0.5
1.0

(a) Behavioral Knowledge Encoder (b) Mastery State Disambiguator

𝐪𝐪_𝐦𝐦𝐦𝐦𝐦𝐦𝐦𝐦

𝐪𝐪_𝐯𝐯𝐯𝐯𝐯𝐯
𝐪𝐪1 …𝐪𝐪t

𝐫𝐫1 … 𝐫𝐫t

𝐪𝐪0 …𝐪𝐪t−1

𝐫𝐫0 … 𝐫𝐫t−1

𝐬𝐬t 𝐬𝐬shift

𝜇𝜇

𝛿𝛿

𝛼𝛼

𝛽𝛽

𝒖𝒖
𝑡𝑡 =

𝝈𝝈
1

𝜿𝜿
𝑡𝑡 =

exp
−
𝛾𝛾𝒖𝒖

𝑡𝑡

�𝑦𝑦

�𝑦𝑦

Mean_ Position_EmbeddingVar_ Position_Embedding

Figure 2: The framework of KeenKT. (a) Behavioral Knowledge Encoder: Models students’ historical interaction sequences
and generates distributional mastery representations that capture volatility through a NIG parameterization. (b) Mastery State
Disambiguator: Models the temporal evolution of mastery states, incorporating diffusion-based denoising and distributional
contrastive learning to enhance robustness. (c) Confidence-Aware Predictor: To estimate the probability of correct responses.

3 Methodology
In this section, we will introduce KeenKT, as shown in Fig-
ure 2. The framework comprises three core components: Be-
havioral Knowledge Encoder, Mastery State Disambiguator,
and Confidence-Aware Predictor.

3.1 Problem Formulation
Knowledge Tracing (KT) aims to dynamically model a stu-
dent’s mastery level over latent knowledge concepts (KCs)
based on their historical interactions with learning con-
tent. Specifically, given a student’s past interaction sequence
St = {(q1, r1), (q2, r2), . . . , (qt, rt)}, where qi denotes
the question at the i − th interaction, and ri ∈ {0, 1} rep-
resents the correctness label of the student’s response. The
goal is to predict the probability that the student will answer
the next question qt+1 correctly:

ŷt+1 = P(rt+1 = 1 | St,qt+1) , (1)

here, ŷt+1 is the probability produced by the model, whereas
rt+1 is the ground-truth label.

3.2 Behavioral Knowledge Encoder
Traditional KT models represent student states using deter-
ministic vectors (Xiong et al. 2016), as shown in Figure 3
left, which fail to capture fluctuations. To address this, we
propose Behavioral Knowledge Encoder (BKE), which is
designed to construct Normal-Inverse-Gaussian (NIG) dis-
tribution embeddings, as shown in Figure 3 right, by dis-
tribution to characterize the student’s knowledge state.

At each time step t, in Figure 2(a), BKE concatenates two
input sequences for the encoder’s final input representation
(q, r). Each input is then mapped into four latent vectors by
table lookup operations, which correspond to the four pa-
rameters of the NIG distribution: µ, δ, α, and β. The param-
eters are entered into embedding layers and transformed to
satisfy distributional constraints:

µ = Embedding(q)

α = softplus(Embedding(q)) + ε

β = tanh(Embedding(q)) · α · 0.999
δ = ELU(Embedding(q)) + 1

, (2)

where ε = 10−7 ensures numerical stability, the scaling by
0.999 constrains β ∈ (−α,α). And δ is enforced to be pos-
itive via ELU (Clevert, Unterthiner, and Hochreiter 2016)
activation. Parameters are then converted into the mean and
variance based on the statistical properties of the NIG distri-
bution: 

mean = µ+
δ · β√
α2 − β2

var =
√
δ · α(√

α2 − β2
)1.5

. (3)

The encoder ultimately outputs question-level and ques-
tion–answer representations.
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Figure 3: Comparison of sequential modeling. The left
panel illustrates traditional KT architectures. The right
panel depicts the KeenKT.

3.3 Mastery State Disambiguator
In KT tasks, student mastery shifts continuously, but out-
bursts and carelessness add noise that blurs predictions. We
introduce the Mastery State Disambiguator (MSD), in Fig-
ure 2(b), which couples NIG-distance attention, diffusion-
based denoising, and distributional contrastive learning.

NIG Attention The module ingests mean- and variance-
vector streams from BKE, then sends them into mean and
variance pathways, and feeds the results into Transformer
(Vaswani et al. 2017) for temporal interaction. First, three
independent linear projections are applied to derive the mean
and variance for Q, K, and V representations, respectively:{

Qµ
t = Wµ

Qµt; Kµ
t = Wµ

Kµt; Vµ
t = Wµ

V µt

Qσ
t = Wσ

Qσt; Kσ
t = Wσ

Kσt; Vσ
t = Wσ

V σt

, (4)

here, W is learnable parameter matrix, µ and σ denote the
mean and variance vectors, respectively. Then, the two vec-
tors are concatenated respectively to obtain a unified triplet:

Qt = [Qµ
t ∥Qσ

t ], Kt = [Kµ
t ∥Kσ

t ], Vt = [Vµ
t ∥Vσ

t ] ∈ R2d.
(5)

To capture mastery variation across different time steps,
we replace the standard dot-product attention with a similar-
ity measure based on the NIG distribution distance. Specif-
ically, for any two time steps i and j, the attention distance
is defined as:

Disti,j = ∥µi − µj∥22 +
∥∥√σi −

√
σj

∥∥2
2
. (6)

Then we use an inverse function to get a similarity score:

sij =
1

1 + Disti,j
. (7)

Followed by temperature-scaled softmax normalization:

αij =
exp(sij/τ)∑
k exp(sik/τ)

, (8)

where τ = 0.07 controls the sharpness of the weight distri-
bution. The resulting sequence:

h =
∑
j

αijVj . (9)

Dataset After Preprocessing
Interactions Sequences Questions KCs

ASSISTments2009 987,606 17,056 - 2,748
Algebra2005 682,797 19,093 - 100
Bridge2006 607,025 574 173,113 112

NIPS34 1,817,474 1,145 129,263 493
ASSISTments2015 1,382,727 4,918 948 57

POJ 282,619 3,852 17,737 123

Table 1: Statistics of all datasets.

Diffusion-Based Denoising reconstruction It introduces
controlled noise into the encoded hidden states and attempts
to reconstruct the original inputs. The mean squared error
(MSE) between the denoised output and the clean input
serves as the training objective:

LMSE = MSE(Fdiff(h+ ε),h), (10)
where Fdiff is the denoising function and ε denotes the in-
jected noise. This objective encourages the model to learn
robust representations that are invariant to perturbations.

Distributional Contrastive Learning It treats the origi-
nal and perturbed sequences as positive pairs and other sam-
ples as negatives. A similarity matrix is constructed in distri-
bution space, and the following NIG-based contrastive loss
is computed:

LNIGNCE = CE
([

− 1
1+Distnegij

, 1
1+Distpos

ij

]
/τ

)
, (11)

where Distnegij and Distposij denote NIG-based distances be-
tween negative and positive distribution pairs, respectively.
This contrastive objective guides the model to maintain sta-
ble prediction capabilities even under behavioral noise.

3.4 Confidence-Aware Predictor
Confidence-Aware Predictor aims to predict the student’s
overall knowledge state. As illustrated in Figure 2(c), this
module takes two types of inputs: (1) the embedding of the
current item; (2) the latent knowledge state representation
from the previous module. These two inputs are concate-
nated and fed into an MLP to obtain the activation sequence:

st = w⊤
2 ϕ (W1ht + b1) + b2, (12)

where ϕ(·) denotes ReLU. It is also able to obtain the prob-
ability: pt = σ(st). Subsequently, the confidence factor is
obtained through the variance vector output by the MSD:

κt = exp(−γ · ∥σt∥1), (13)
where γ is onfidence coefficient, affecting the confidence
factor κt. The final output is the predicted probability ŷt of
a correct response at the next time step:

ŷt = κtpt + (1− κt)× 0.5. (14)
To optimize predictive performance, we employ a binary

cross-entropy (BCE) loss to measure the deviation between
the predicted probabilities and the truth responses rt+1:

LBCE = −
T∑

t=1

[rt log ŷt + (1− rt) log(1− ŷt)] . (15)
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Models Venue Backbone AS2009 AL2005 BD2006 NIPS34 AS2015 POJ

DKT NIPS’15 0.8226±0.0011 0.8149±0.0011 0.8015±0.0008 0.7689±0.0002 0.7271±0.0005 0.6089±0.0009
ATKT MM’21 RNN 0.7470±0.0008 0.7995±0.0023 0.7889±0.0008 0.7665±0.0001 0.7245±0.0007 0.6075±0.0012

GKT ICLR’19 0.8102±0.0003 0.8154±0.0016 0.8157±0.0005 0.7804±0.0003 0.7101±0.0013 0.6295±0.0007
DYGKT KDD’24 0.8168±0.0005 0.8589±0.0008 0.7721±0.0009 0.7704±0.0002 0.7114±0.0009 0.6054±0.0003
DGEKT TOIS’24

GNN
0.8065±0.0008 0.8769±0.0005 0.7846±0.0010 0.7902±0.0017 0.7153±0.0007 0.6249±0.0004

simpleKT ICLR’23 MLP 0.8413±0.0018 0.9267±0.0003 0.8141±0.0006 0.7966±0.0000 0.7237±0.0005 0.6194±0.0005

SAKT EDM’19 0.7746±0.0017 0.8780±0.0063 0.7740±0.0008 0.7517±0.0005 0.7114±0.0003 0.6095±0.0013
AKT KDD’20 0.8474±0.0017 0.9294±0.0019 0.8167±0.0007 0.7960±0.0003 0.7282±0.0004 0.6218±0.0013

RobustKT WWW’25 0.7160±0.0008 0.8205±0.0007 0.8102±0.0004 0.7854±0.0017 0.7805±0.0007 0.6902±0.0003
UKT AAAI’25

Transformer

0.8563±0.0014 0.9320±0.0012 0.8178±0.0009 0.8035±0.0004 0.7267±0.0007 0.6301±0.0005

KeenKT Ours Transformer 0.8606±0.0011 0.9346±0.0008 0.8265±0.0009 0.8162±0.0011 0.8214±0.0006 0.7306±0.0002

Table 2: AUC performance of KeenKT and all baselines. Red denotes the best performance, gray denotes the second-best.

The overall training objective integrates this prediction
loss with two auxiliary objectives from the disambiguation
module, forming a multi-task loss function:

Ltotal = LBCE + λ1LMSE + λ2LNIGNCE, (16)

where λ1 and λ2 are hyperparameters that balance the con-
tribution of denoising and contrastive learning losses.

This predictor not only reflects the student’s current mas-
tery level but also enhances the model’s awareness of knowl-
edge state fluctuations and resilience to anomalous behav-
iors, leading to more stable and reliable predictions.

4 Experiments
In this section, we conduct a series of comprehensive exper-
iments on six publicly available datasets to evaluate the ef-
fectiveness of the proposed KeenKT model. The experimen-
tal results are designed to address the following six research
questions (RQs):

• RQ1: How does the performance of KeenKT compare to
existing knowledge tracing (KT) models?

• RQ2: How does each core module impact the perfor-
mance of KeenKT?

• RQ3: How do different hyperparameter configurations
affect the performance of KeenKT?

• RQ4: How does KeenKT correctly evaluate the accuracy
of predictions?

• RQ5: How effectively does KeenKT disambiguate the
knowledge mastery state?

• RQ6: How does KeenKT achieve targeted modeling of
different behavioral patterns?

4.1 Experimental Settings
Datasets In this study, we evaluate the performance of
the proposed KeenKT model on six widely used public
datasets for KT, including ASSISTments2009 (AS2009),
Algebra2005 (AL2005), Bridge2006, NIPS34, ASSIST-
ments2015 (AS2015), and POJ. The key statistics of these
datasets are summarized in Table 1.

Baseline Models To demonstrate the effectiveness of our
model, we compare it with ten baseline grouped into four
groups: : (1) RNN-based models: DKT (Piech et al. 2015),
ATKT (Guo et al. 2021); (2) GNN-based models: GKT
(Nakagawa, Iwasawa, and Matsuo 2019), DYGKT (Cheng
et al. 2024), DGEKT (Cui et al. 2024); (3) MLP-based mod-
els: simpleKT (Liu et al. 2023b); (4) Transformer-based
models: SAKT (Pandey and Karypis 2019), AKT (Ghosh,
Heffernan, and Lan 2020), RobustKT (Guo et al. 2025),
UKT (Cheng et al. 2025).

Parameter Settings KeenKT’s embedding dimension is
set to 128, hidden layer dimension to 256, and the batch size
to 128. For all experiments, we set the learning rate to 1e-
3, which was found to perform best among le-2, le-3, and
le-4. We adopt a student-level five-fold cross-validation for
six datasets. An early stopping strategy is also adopted, with
a patience of 10 epochs. We employ two metrics to evalu-
ate model performance: Area Under the Receiver Operating
Characteristic Curve (AUC) and Accuracy (ACC).

4.2 Performance Comparison (RQ1)
As shown in Table 2, KeenKT consistently outperforms
existing mainstream models across all six public datasets
in terms of AUC, achieving the best overall performance.
Specifically, KeenKT achieves relative improvements of
1.58% and 5.85% on datasets with more complex behavioral
fluctuations, such as NIPS34 and POJ. Moreover, it demon-
strates a clear advantage over the remaining four datasets.
In terms of ACC, as shown in Table 3, KeenKT maintains
leading performance on four datasets. Whether on the data-
regulated AS2015 or the more complex POJ, KeenKT’s pre-
diction accuracy has been improved compared to advanced
models. Specifically, on AS2015, growth rate is 5.24%, on
POJ, growth rate is 5.85%

4.3 Ablation Experiment (RQ2)
To evaluate the contribution of each key component, we
designed three models: (1) w/o CL: removing the distri-
butional contrastive learning module; (2) w/o Diff: remov-
ing the diffusion-based denoising reconstruction module; (3)
w/o NIG: replacing the NIG distributional embedding with
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Models Venue Backbone AS2009 AL2005 BD2006 NIPS34 AS2015 POJ

DKT NIPS’15 0.7657±0.0011 0.8149±0.0011 0.8015±0.0008 0.7689±0.0002 0.7271±0.0005 0.6089±0.0009
ATKT MM’21 RNN 0.7208±0.0009 0.7998±0.0019 0.8511±0.0004 0.6332±0.0023 0.7494±0.0002 0.6075±0.0012

GKT ICLR’19 0.7601±0.0016 0.7707±0.0035 0.7702±0.0023 0.7301±0.0016 0.7604±0.0020 0.6503±0.0005
DYGKT KDD’24 0.7868±0.0005 0.8389±0.0008 0.8231±0.0008 0.7201±0.0005 0.7612±0.0006 0.6302±0.0009
DGEKT TOIS’24

GNN
0.7865±0.0008 0.8469±0.0005 0.8442±0.0016 0.7102±0.0014 0.7454±0.0005 0.6446±0.0007

simpleKT ICLR’23 MLP 0.7748±0.0012 0.8510±0.0005 0.8510±0.0003 0.7328±0.0001 0.7506±0.0004 0.6498±0.0008

SAKT EDM’19 0.7063±0.0018 0.7954±0.0020 0.8461±0.0005 0.6879±0.0004 0.7474±0.0002 0.6407±0.0035
AKT KDD’20 0.7772±0.0021 0.8747±0.0011 0.8516±0.0005 0.7323±0.0005 0.7521±0.0005 0.6449±0.0010

RobustKT WWW’25 0.7651±0.0004 0.7758±0.0010 0.7757±0.0011 0.7354±0.0020 0.7658±0.0012 0.6556±0.0005
UKT AAAI’25

Transformer

0.7814±0.0017 0.8781±0.0005 0.8531±0.0006 0.7316±0.0004 0.7497±0.0002 0.6548±0.0008

KeenKT Ours Transformer 0.7934±0.0005 0.8772±0.0003 0.8517±0.0008 0.7378±0.0011 0.7882±0.0001 0.7008±0.0004

Table 3: ACC performance of KeenKT and all baselines. Red denotes the best performance, gray denotes the second-best.

Models AS2009 AL2005 BD2006

w/o CL 0.8445±0.0028 0.9237±0.0012 0.8175±0.0011
w/o Diff. 0.8432±0.0004 0.9228±0.0009 0.8143±0.0007
w/o NIG 0.8427±0.0010 0.9218±0.0018 0.8125±0.0012

KeenKT 0.8606±0.0011 0.9346±0.0008 0.8255±0.0009

Table 4: Ablation study on key components of KeenKT.
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Figure 4: A hyper-parameter analysis on the weight of two
modules in (a) AS2009 and (b) Bridge2006.

conventional deterministic vector embeddings. As shown in
Table 4, eliminating any of the three components degrades
performance.

4.4 Hyperparameter Analysis (RQ3)
Regularization Module Weight Analysis The weight
combination of diffusion denoising reconstruction loss (λ1)
and contrastive learning loss (λ2) is presented in Figure 4.
The optimal results are concentrated around λ1 = 0.15 and
λ2 = 0.04, among which the AS2009 dataset reaches the
peak AUC under this configuration. Bridge2006 requires
a slightly lower λ1 = 0.10. Moderately weighted λ1 can
effectively handle fluctuating behavior, while moderately
weighted λ2 can balance discriminability and stability. Data
characteristics determine the optimal weights: tightly clus-
tered distributions need weaker denoising, whereas highly
heterogeneous data call for a looser contrastive constraint.
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Figure 5: The hyper-parameter analysis on noise level of
diffusion-based denoising reconstruction in (a) AS2009 and
(b) Bridge2006.
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Figure 6: Impact of the confidence coefficient γ on accuracy
in (a) AL2005 and (b) POJ.

Analysis of Diffusion Noise Level The requirements for
noise intensity in different show significant differences.
As illustrated in Figure 5. The ASSIST2009 and AL2005
datasets with complex and variable behavioral patterns
perform best at strong noise (0.20). The well-structured
Bridge2006 requires moderate noise intensity (0.15). Al-
though NIPS34 has high complexity, it reaches its optimum
at medium noise intensity (0.15), indicating that excessive
perturbation is unnecessary when the dataset is overly com-
plex. These findings indicate that, in highly volatile set-
tings, stronger noise levels facilitate the capture of abrupt
shifts. For well-structured data, moderate noise is sufficient
to smooth local fluctuations, whereas intrinsically heteroge-
neous datasets likewise benefit from moderate noise.

19290



0 5 10 15 20 25 30 35 40 45 50
0.0

0.5

Pr
ed

ic
te

d
Pr

ob
ab

ili
ty

1.0

Exercise Attempted:     correct ,     wrong

 C5

C4

C3

C2

C1

Exercise Sequence

Figure 7: The predicted results of Student #1 on questions related to five concepts over 50 time steps. All concepts are derived
from AS2009. C1: Simplifying Expressions; C2: Interpreting Algebraic Expressions; C3: Evaluating Expressions; C4: Ordering
Fractions/Decimals; C5: Converting Decimals to Fractions.

Figure 8: NIG distribution representations of Student #1
when answering questions related to (a) Concept C3 and (b)
C4 at seven different time steps.

4.5 Confidence Level Analysis (RQ4)
In KeenKT, the confidence coefficient γ controls how heav-
ily the confidence-aware predictor trusts the NIG variance.
As shown in Eq.(13), larger γ magnifies the influence of
high-variance interactions, whereas smaller γ down-weights
it. Therefore, we explored the optimal values of gamma
on datasets with high volatility (POJ) and low volatility
(AL2005). The results are shown in Figure 6. On AL2005,
since the overall volatility of the dataset is very small, the
model performance reaches its best when the γ value is
0.4. On the contrary, on the highly volatile dataset POJ, the
model achieves the best performance when the γ value is
greater than 3.2.

4.6 Case Study (RQ5)
To evaluate KeenKT’s capability in capturing abnormal be-
havioral patterns, we conducted a case study on Student #1

in the AS2019 dataset. We recorded the model’s predicted
mastery probabilities over 50 time steps, as shown in Figure
7. For Concept C4, Student #1 answered correctly at steps
7, 11, 15, 29, and 31, slipped at 37, yet returned to correct
answers at 42 and 47; KeenKT’s mastery estimate stayed
high despite the single error. For Concept C3, the student
was wrong at 5, 8, 9, 16, and 17, briefly correct at 18, then
wrong again at 26, 30, 32, 36, and 40; the predicted proba-
bility did not increase significantly.

This case study demonstrates that KeenKT maintains a
coherent representation of knowledge states even in the
presence of atypical behaviors, showcasing its advantage
in modeling irregular learning trajectories and detecting
anomalous patterns.

4.7 Visual Analysis (RQ6)
To further investigate KeenKT’s modeling capability in
knowledge states, we performed a visual analysis of the
model’s predicted distributions under two representative in-
teraction scenarios. The results are illustrated in Figure 8.

For burst behaviors, in Figure 8(a), the model exhibits
a significant increase in the location parameter µ, indicat-
ing improved mastery estimation, while the scale parameter
δ also increases, reflecting reduced confidence. Conversely,
when encountering careless errors, in Figure 8(b), KeenKT
shows a decrease in µ under left-skewed β values, while δ
increases to capture anomalies. These dynamic adjustments
enable precise tracking of students’ fluctuating behaviors.

The observed patterns arise primarily because: (1) The
adaptation of µ accurately reflects short-term variations; (2)
Changes in α and β distinguish between temporary fluc-
tuations and genuine changes in mastery state; (3) During
anomalous events, δ will automatically adjust to reflect the
confidence level.

5 Conclusion
KeenKT is a novel knowledge tracing framework that com-
bines NIG-distances modeling, a diffusion-based denois-
ing reconstruction network, and a distributional contrastive
learning strategy to enhance the ability of discrimination
against anomalous behaviors and improve robustness. Fu-
ture work may extend KeenKT to multimodal learning tra-
jectory modeling, exploring more types of volatility and its
potential for real-world deployment in educational settings.
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