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Abstract

PLGAN is a generative model-based framework for person-
alized knowledge tracing, designed to explore and model in-
dividual learning preferences. By integrating a Personal-
ized Attention Mechanism (P-Attn), PLGAN effectively ex-
tracts learners’ distinct learning patterns and behavioral ten-
dencies, addressing the limitations of traditional knowledge
tracing models that assume homogeneous learner groups. Un-
like conventional approaches, PLGAN dynamically adjusts the
weighting of behavioral features, enabling a more nuanced rep-
resentation of learning preferences and improving the accuracy
of knowledge state predictions across diverse learning envi-
ronments. Experimental results on multiple public datasets
demonstrate that PLGAN achieves an average performance
improvement of 3.5% in knowledge tracing tasks. Further-
more, the generative nature of PLGAN enhances its gener-
alization and robustness, effectively capturing individualized
learning dynamics. This work advances the study of person-
alized learning by leveraging generative models to model and
analyze learner behavior, providing a cognitively informed ap-
proach to knowledge tracing.

Keywords: Knowledge Tracing; Personalized Learning; Gen-
erative Adversarial Networks; Attention Mechanism

Introduction

Knowledge Tracing (KT) is a key area in educational re-
search, aiming to track learners’ knowledge states by analyz-
ing interaction data to optimize learning outcomes |Abdelrah-
man et al.|(2023). With the rise of deep learning techniques,
models like SAKT |Pandey & Karypis| (2019), AKT |Ghosh
et al.| (2020), and DTransformer |Yin et al. (2023) have sig-
nificantly advanced KT, achieving improved prediction per-
formance. However, these models often treat learners as a
homogeneous group, overlooking individual differences that
limit personalized learning.

Learner engagement and cognitive processing often exhibit
complex distribution patterns, such as bimodal or skewed dis-
tributions, which current KT models fail to address effec-
tively. For example, mathematics scores may be bimodal,
reflecting distinct cognitive strategies adopted by high- and
low-performing learners Dweck| (1986). Most KT studies
overlook personalized learning preferences, reducing learner
identity to student IDs, which results in insufficient charac-

terization of individual cognitive tendencies and suboptimal
2

knowledge state predictions, particularly in scenarios with
short or fragmented interaction sequences.

To improve KT performance, it is essential to focus on
extracting personalized features and modeling performance
consistency, particularly in data-sparse scenarios with signif-
icant fluctuations |[F. Wang et al.| (2023)); Mao et al.| (2023));
Tomi¢ et al| (2022); |Shen et al.| (2022). Although there is
growing recognition of the need for personalization, effec-
tively capturing and modeling such information remains a
challenge. To address these challenges, we propose PLGAN,
a generative adversarial network (GAN) framework that im-
proves knowledge tracing models by generating features that
capture learners’ personalized characteristics. PLGAN inte-
grates generative adversarial mechanisms with personaliza-
tion modeling, focusing on extracting learners’ preference
features and demonstrating strong robustness and generaliza-
tion. The main contributions are:

* PLGAN for Personalized Feature Extraction: PLGAN
extracts personalized preference features from learners’ in-
teraction sequences using a cross-sequence attention mech-
anism, offering richer learner representations than tra-
ditional methods based on learner IDs, thus enhancing
knowledge tracing performance.

* Dynamic Personalized Associative Attention (P-Attn):
PLGAN incorporates P-Attn, which dynamically adjusts
learner behavior weights, emphasizing personalized traits
in multi-stage interaction data, improving the model’s abil-
ity to capture dynamic behaviors, especially in imbalanced
data scenarios.

e Comprehensive Evaluation: PLGAN’s performance is
evaluated across multiple datasets, focusing on model
stability, feature evolution, sequence length impact, and
adaptability to different KT models. Results show that PL-
GAN significantly improves baseline models, outperform-
ing existing methods in various scenarios.

The paper is structured as follows: Section II reviews re-
lated work, including advances in knowledge tracing, GANSs,
attention mechanisms, and personalized learning. Section III
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defines the knowledge tracing problem, details the PLGAN
architecture, cross-sequence attention mechanism, and multi-
objective optimization. Section IV discusses experimental
setup, datasets, baseline methods, and evaluation. Finally,
Section V summarizes contributions and suggests future di-
rections.

Related Work

Knowledge Tracing (KT) began with the Deep Knowledge
Tracing (DKT) model based on Recurrent Neural Networks
(RNNs) |Piech et al. (2015), which captures learner be-
havior trajectories. However, DKT faces two key limita-
tions: the long-term dependency problem and constrained
feature modeling capacity. While Long Short-Term Mem-
ory (LSTM) Henaff et al.| (2016) and Gated Recurrent Units
(GRU) |Chung et al.| (2014} improve memory, they still strug-
gle with long sequences and complex knowledge relation-
ships. Additionally, DKT’s reliance on one-hot encoded in-
teraction data fails to model personalized learner characteris-
tics Khajah et al.|(2016); Ding & Larson|(2019)).

The advent of Transformer models marked a new phase
in KT. The SAKT model Pandey & Karypis| (2019) was the
first to apply Transformers to KT, addressing long-term de-
pendency issues. The SAINT model Choi et al.| (2020) and
enhancements by Pu et al. |Pu et al.| (2020) improved feature
modeling and prediction accuracy. However, despite their
ability to model complex knowledge relationships, Trans-
former models still struggle to capture personalized learner
preferences, limiting their ability to model diverse learning
trajectories.

To improve personalized modeling, Shen et al. |Shen et al.
(2020) proposed Convolutional Knowledge Tracing (CKT),
which learns personalized prior knowledge and learning rates.
Long et al. Long et al.|(2021)) introduced Individual Estimated
Knowledge Tracing (IEKT), enhancing personalized predic-
tions by modeling learners’ knowledge sensitivity. Zhang et
al. [Zhang et al.| (2022) and Wang et al. |C. Wang & Sahebi
(2023) addressed the dynamic nature of KT by introducing
online updates and long-term learning adaptations. Despite
these advancements, challenges such as sparse data and lim-
ited samples hinder model generalization.

Existing KT research faces challenges such as poor per-
sonalized feature modeling, data sparsity, and difficulty in
adapting to dynamic learning processes. The PLGAN model
addresses these issues by integrating Generative Adversarial
Networks (GANs) with personalized feature extraction.

Methodology
Problem Definition

The task of Knowledge Tracing (KT) is to assess a learner’s
knowledge state dynamically by modeling their historical in-
teractions and predicting future responses. A learner’s learn-
ing process is represented as a sequence of interactive events
X = (x1,x2,...,X,), Where each event x = (e, r) consists of
the following elements:

* ¢: the exercise completed by the learner,

* r € {1,0}: the learner’s response, where 1 indicates a cor-
rect answer and O indicates an incorrect answer.

In this work, we extend the definition of interaction events
by introducing two additional components, #; and ¢, as model
inputs:

e u;: the learner identifier, which differentiates individual
learners, enabling personalized modeling of their knowl-
edge states and learning behaviors,

* ¢: the timestamp of the interaction event, capturing the tem-
poral dependencies and dynamic changes in the learner’s
knowledge state over time.

With the inclusion of u; and ¢, the interaction event (e, r)
is redefined as (u;,e,t,r), and the learner’s learning process
is represented as a series of independent sequential events.
This extended representation facilitates personalized model-
ing and accounts for the temporal dynamics of knowledge
states, which are essential for capturing the evolution of a
learner’s understanding over time.

Personalized Learning GAN Framework

This study extracts learners’ personalized learning prefer-
ence features based on the following hypothesis: There is
a direct correlation between the distribution of learners’
interaction behavior data and their learning preferences
and knowledge states. Learning preferences reflect learn-
ers’ long-term tendencies and strategic choices in completing
tasks, including preferences for specific knowledge points,
preferred learning methods, and response patterns to practice
problems. In contrast, knowledge states represent learners’
current mastery of knowledge points.

Traditional Generative Adversarial Networks (GANs) can
effectively model global data distributions, but they struggle
to capture individual differences, which limits their applica-
tion in personalized learning, as shown in the experiments in
Section of this study.

To address these issues, we propose the Personalized
Learning GAN (PLGAN). As shown in Figure the PLGAN
framework consists of multiple modules, with a specially
designed encoder-decoder architecture embedded within the
generator. This architecture seamlessly combines interaction
sequence generation with personalized learning feature ex-
traction. The encoder plays a critical role in extracting mean-
ingful personalized features from global learning representa-
tions and effectively captures learners’ interaction behavior
patterns, thus reflecting their personalized learning character-
istics.

In the encoder, we construct a memory vector matrix Uy yrqy,
which is used to store the learner’s global learning style fea-
tures and is updated during the generator’s forward propaga-
tion.
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Figure 1: Structure of the PLGAN framework, showing the
data flow and interactions between components. “Exercise”
represents the learner’s historical exercise data, including
questions, timestamps, and results. ”Simulate” represents the
data generated by the generator network, while "Real” is a
part of "Exercise,” representing the actual learner interaction
data.

In this process, U,y is first transformed through the P-
Attn mechanism (see Section [Personalized Relation Atten-|
[ion Mechanism), and combined with the input interaction
sequence X to generate latent features H. The P-Attn mecha-
nism adjusts the query and key vectors by adding the learner
embedding uy.., enabling the model to extract the personal-
ized learning style features Up,y from Uy that are relevant
to X. This process is as follows: Q; = Wy - Uoral, K; =
Wk - Utotal - Next, the learner embedding uye. is added to adjust
the query and key vectors further: Q) = Q; + W, - yec, K; =
K i+ W - tyec.

As shown in Equation [T} the attention weights are calcu-
lated, and the context representation H is generated:

gy SPCED) e
T Leexp(Q-(K)T) T S
Subsequently, H is used as a latent feature and is decom-
posed through the attention mechanism into learning style
features Uyora and knowledge features K: H = [Usoral, K]-
Here, Uyl represents the global features of the learner’s
overall learning style, and K reflects their mastery of specific
knowledge points. Based on this decomposition, we again
use the P-Attn mechanism to extract the learner-specific pref-
erences Upae from Ugra. To ensure that the extracted per-
sonalized learning style features Up, accurately reflect the
learner’s characteristics, a contrastive loss is introduced (see
Section|Loss Function Design).

The generator outputs H (learner features) combined with
random noise z, which are passed to the decoder. The de-
coder is a multilayer convolutional network that processes the
concatenated features F', generating simulated interaction se-
quences that closely resemble real interaction data:

ey

F = Concat(H,Upar, K, 2). 2)

The overall architecture of PLGAN addresses the limita-
tions of traditional GANSs in capturing individual differences

Discriminator

while ensuring the integrity of the extracted learner-specific
preferences Upyt.

Personalized Relation Attention Mechanism

The P-Attn mechanism plays a crucial role in extracting la-
tent features H and personalized learning style features Upar
by incorporating learner-specific information. This section
provides a detailed description of the design and operations
of the P-Attn mechanism.

As shown in Figure 2] the P-Attn mechanism consists of
several key components and operations that work together to
process the input sequence, adjust the attention mechanism,
and extract personalized features.

MatMul
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B {128x128)

MatMul

B {128x128}

Identity
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input {128}
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Figure 2: Flow of the Personalized Relation Attention (P-
Attn) mechanism. Identity represents direct tensor transfer,
MatMul performs linear transformations, Add implements
residual connections, Transpose adjusts tensor dimensions,
Reshape modifies tensor shapes, Div normalizes, Softmax
generates attention probabilities, and the final Transpose pre-
pares the output.

In the P-Attn mechanism, the input data X € RBx128x128
(where B represents the batch size and 128 x 128 represents
the feature dimension) is first mapped through multiple lin-
ear transformations to obtain the query Q, key K, and value
V. The specific transformations are performed via matrix
multiplication with the weight matrices Wy, Wk, and Wy:
0=XWp, K=XWg, V =XWy Here, Wy, Wk, and Wy
are weight matrices for the query, key, and value, each of size
128 x 128. These transformations enable the model to learn
the query, key, and value representations of the input data,
which are crucial for the subsequent attention calculation.

To implement a personalized attention mechanism, P-Attn
introduces user identity information (/D). By incorporating
the user identity embedding u/D € R'*!2% into the queries
QO and keys K, their representations are adjusted to ensure
that the attention mechanism is tailored to each user’s specific
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characteristics. This adjustment is achieved as follows:

Q' =Q+uIDW,, K =K+ ulDW, 3)
Where W, € R!28%128 i5 the weight matrix associated with the
user identity u/D. This adjustment ensures that the query and
key representations for each user are personalized based on
their unique identity, allowing the attention mechanism to be
optimized for each user’s needs.

Next, the queries Q' and keys K’ are combined with the
input data X through an addition operation, generating new
queries Q”, keys K”, and values V": Q" =Q'+X, K'=
K'+X, V”=V’'4+X This addition operation implements
residual connections, allowing the original information to be
preserved in deeper layers of the network. This not only pre-
vents information loss but also helps stabilize the model dur-
ing training.

To further ensure the stability of the computation, the P-
Attn mechanism normalizes the results after the addition op-
eration. Specifically, the inner product of the queries and keys
is scaled to obtain the normalized attention scores:

Q// K//T
Vi
Where dy, is the dimensionality of the keys. The scaled
attention scores are then passed through a Softmax function
to compute the importance of each input feature, and these
weights are combined with the values V" to generate the final
personalized output:

//K//T
Y = Softmax <Q N ) v’ 4)

In this way, the P-Attn mechanism dynamically adjusts the
attention weights based on each user’s identity information,
generating personalized weighted outputs to meet the indi-
vidual needs of each user.

Scaled Attention =

Loss Function Design

The optimization objective of PLGAN consists of three com-
ponents: the GAN optimization, learning style features Upart
optimization using contrastive learning, and knowledge fea-
tures K optimization via interaction prediction. These objec-
tives enable PLGAN to effectively extract personalized fea-
tures while ensuring the alignment of data distribution and
improving the model’s generation capability.

GAN Optimization Goals The first component of PL-
GAN’s optimization is to align the generated data distribution
with real data using a standard GAN loss function. This helps
train the generator and discriminator, ensuring that generated
interaction sequences are close to real data. The GAN loss
function is defined as:

min max Ex g, [log D(X)] + B, log(1 — D(G(z,H))].
)

where D(X) represents the discriminator’s output (real data
probability), and G(z, H) is the generated sequence based on
latent learner features.

Optimization of Learning Style Features Upar¢ For per-
sonalized learning preferences, we use contrastive learning to
minimize the distance between Upy vectors from different
sequences of the same learner. The contrastive loss is defined
as:

LC - E(XiA,Xj)"Pdata |:||U;§zl1)rt - Uéég‘t”%} ’ (6)

This loss ensures consistency in Upar across different se-
quences of the same learner, stabilizing personalized feature
modeling.

Optimization of Knowledge Features K The knowledge
feature K represents the learner’s mastery of knowledge. Its
optimization involves minimizing the error in predicting in-
teraction outcomes. The knowledge feature loss is given by:

Lk:EX’rNPdala |:||f(X7K)_r||%] ’ (7)

where f(X,K) predicts the outcome r based on X and K.
By minimizing this loss, K becomes a more accurate repre-
sentation of the learner’s knowledge state.

Comprehensive Optimization Objective The total loss
function combines the three components: GAN optimization,
contrastive learning for Up,y, and prediction-based optimiza-
tion for K. The overall loss function is:

Liotal = LGAN + M Le + Ao Ly, ¥

where A; and A, balance the contributions of each compo-
nent.

Experiments and Analysis

This section evaluates the effectiveness and generalizabil-
ity of the proposed PLGAN model through experiments on
four publicly available knowledge tracing datasets: Alge-
bra2005 (ALOS), ASSISTment 2009 (AS09), ASSISTment
2017 (AS17), and STATICS (STC). To further assess PL-
GAN’s ability to capture personalized learner behaviors, we
conducted a visualization study on the dynamic evolution of
features and learner differentiation. Detailed descriptions of
the datasets and experimental configurations are provided in
the Appendix.

Experimental Design and Research Questions

The experiments are designed to address the following key
research questions (RQs):

* RQ1: Can PLGAN significantly improve the performance
of baseline models (e.g., SAKT, AKT, and DTransformer)
in knowledge tracing tasks?

¢ RQ2: Can PLGAN’s generative features maintain stability
and generalization across different datasets?
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Table 1: Performance Comparison Across Datasets

ALO5 AS09 AS17 STC AUC
Model Type .
AUC ACC AUC ACC AUC ACC AUC ACC 'mprov
Original 77.96 7940 7524 7178 69.06 6735 8029 78.87
ulD 7798 7942 7526 7177 69.08 6737 8030 78.88
SAKT  \ID+PE 7825 79.62 7549 7210 69.51 6774 80.83 7919 258%
PLGAN 79.87 8022 77.48 7395 7247 7153 8147 80.88
Original 77.64 78.89 7528 7160 7555 7071 7938 77.57
AKT ulD 7771 7895 7530 7165 7563 7080 7941 7763 g
ulD+PE 7975 8049 7632 72.58 7653 7149 8061 7853
PLGAN 80.35 81.68 77.03 7527 77.18 7228 82.23 80.03
Original 7946 8424 8146 7632 7506 70.78 $3.82 79.62
Dfrans-  ulD 7931 8423 8145 7624 7512 7085 83.90 7967 , ..
former ulD+PE 8098 8531 8208 77.25 7612 7148 8487 8052 00
PLGAN 82.05 8599 82.68 78.08 77.03 7453 8598 82.64
Original 71.38 8337 7853 7438 6540 6633 78.07 77.27
DKT+ ulD 7315 8355 7876 7445 6656 6745 7825 7135
ulD+PE 7396 84.09 7898 7508 68.53 6882 7872 77.81 707
PLGAN 77.70 8502 80.1 76.02 7118 7125 80.74 79.22

* RQ3: How do varying sequence lengths impact the feature
extraction and performance of PLGAN?

* RQ4: How do PLGAN’s generative features evolve during
dynamic training, and can their feature aggregation reveal
differences among learners?

Experimental Results and Analysis

Overall Performance (RQ1) The main goal of Knowl-
edge Tracing (KT) is to track learners’ dynamic knowledge
states, which cannot be directly observed. Model effective-
ness is evaluated by its ability to predict the accuracy of a
learner’s next interaction. PLGAN, while not a standalone
KT model, enhances baseline models by generating person-
alized learner features. In the experiments, baseline mod-
els were progressively enhanced by adding learner identity
(uID) and sequence positional encoding (uID+PE) to assess
the contribution of each module and the performance boost
from PLGAN.

The experimental results in Table [I] show that PLGAN
significantly improves the performance of baseline models,
as measured by AUC and ACC across four knowledge trac-
ing datasets (ASSISTment 2005 (ALOS5), ASSISTment 2009
(AS09), ASSISTment 2017 (AS17), and Student Response
Prediction (STC)). PLGAN enhances model adaptability and
stability, driving notable performance gains.

PLGAN notably improves baseline models, including
attention-based models like SAKT |Pandey & Karypis|(2019),
AKT Ghosh et al.|(2020), and DTransformer|Y1n et al. (2023)),
achieving an average AUC gain of 2.48% in DTransformer,
despite its already strong baseline. It also demonstrates strong
cross-model generalization, delivering a 5.56% AUC increase
for non-attention models like DKT+ |Yeung & Yeung| (2018)
on the ALOS dataset, showing PLGAN’s adaptability across
diverse architectures.

Additionally, PLGAN consistently improves performance
across different datasets, even in more complex scenarios. On
the STC dataset, PLGAN boosts AUC by at least 2%, high-
lighting its robustness across varying task complexities.

In conclusion, the experimental results validate PLGAN’s
ability to significantly enhance KT model performance by
capturing personalized learner behaviors and integrating
seamlessly with various model architectures, providing a ro-
bust solution for consistent improvement in KT tasks.

Contrastive Analysis of GAN Model Feature Genera-
tion (RQ2) To assess PLGAN’s effectiveness in knowl-
edge tracing, we compared it with SeqGAN |Yu et al.| (2017),
TextGAN |Liang et al.|(2021)), and TGAN |Yoon et al.|(2019),
which represent classical sequence generation, text gener-
ation, and time-series modeling approaches, respectively.
These models used the same feature generation and integra-
tion method as PLGAN, with the generated learner features
fed into the DTransformer model for performance evaluation.
The results are shown in Figure[3]

Comparison of Different GAN Models (ACC and AUC) across Datasets

B 5eqGAN (ACC) SeqGAN (AUC)
TextGAN (ACC) TextGAN (AUC)

= TGAN (ACC) TGAN (AUC)

= PLGAN (ACC) PLGAN (AUC)

ACC

ALOS AS09 As17 sTC
Datasets

Figure 3: Performance comparison of four GAN models (Se-
gGAN, TextGAN, TGAN, and PLGAN) on four knowledge
tracing datasets (ALOS, AS09, AS17, and STC) using AUC
and ACC metrics.

The results show that PLGAN outperforms the other mod-
els on all datasets and metrics (AUC and ACC). Notably, on
the complex STC dataset, PLGAN achieves an AUC of 85.98,
demonstrating its superior performance. PLGAN’s success
reflects its ability to effectively extract personalized learner
features, which enhances its suitability for knowledge trac-
ing tasks. Unlike other GAN models, PLGAN’s design opti-
mizes feature generation specifically for knowledge tracing,
highlighting its unique contribution to personalized learning.

Sequence Length Adaptation Analysis (RQ3) This ex-
periment examines the impact of sequence length on feature
extraction. Learner features were generated from interaction
sequences of varying lengths and integrated into the DTrans-
former model, evaluated using the AUC metric. The results,
shown in Figure [ reveal that PLGAN outperforms other
models across most sequence lengths.

PLGAN excels in medium-length sequences (e.g., length
100), achieving an AUC of 85.98 on the STC dataset, far out-
performing SeqGAN (80.10), TGAN (80.05), and TextGAN
(59.00). TextGAN, optimized for short text, consistently per-
forms poorly, with AUC below 57.50. SeqGAN and TGAN
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Figure 4: Performance comparison of GAN models (Se-
qGAN, TextGAN, TGAN, and PLGAN) on four datasets
(ALOS5, AS09, AS17, and STC) for knowledge tracing, eval-
uated with AUC.

show some stability across varying lengths, but PLGAN sur-
passes them, e.g., in the AS09 dataset where PLGAN reaches
an AUC of 82.68 at length 100, compared to TGAN’s 76.18.

However, PLGAN shows slight degradation in long-
sequence scenarios (e.g., length 200). On the STC dataset,
its AUC drops from 85.98 to 79.00 as sequence length in-
creases. This may be due to the contrastive learning mech-
anism’s reduced effectiveness with longer sequences and in-
creased noise. Nevertheless, PLGAN still outperforms other
models.

In conclusion, PLGAN demonstrates strong adaptability
and stability, especially for short and medium-length se-
quences. To mitigate performance decline in long sequences,
future work could improve contrastive learning or introduce
regularization techniques to enhance performance.

Visualization Analysis of Generated Features (RQ4) To
address RQ4, PCA was used to reduce the dimensionality
of the personalized feature vectors Up, generated by PL-
GAN and visualize their distribution across different training
epochs. Figure 5] shows the evolution of feature distributions
from the 1st to the 38th epoch in AS17.

As seen in the figure, features are dispersed in the early
training stages (1st and 7th epochs), indicating the model’s
developing ability to capture personalized behavioral pat-
terns. As training progresses (13th and 18th epochs), features
begin to cluster into distinct groups, signifying improved dif-
ferentiation of learner behaviors. In the later stages (26th and
38th epochs), the clustering becomes more pronounced, re-
flecting the model’s stability in representing personalized be-
havioral patterns.

This dynamic evolution highlights PLGAN’s ability to not
only distinguish diverse behavioral patterns but also opti-
mize learner differentiation over time. The more structured

Nhd || W || e

Figure 5: PCA visualization of the personalized feature vec-
tors Upare generated by PLGAN at different epochs (1st, 7th,
13th, 18th, 26th, and 38th), showing feature distribution evo-
lution.

and discriminative feature distributions in later stages provide
stronger inputs for downstream knowledge tracing tasks.

In conclusion, the PCA results validate PLGAN’s feature
generation ability and its effectiveness in capturing learner
differences, with improved clustering leading to more precise
learner representations for enhanced knowledge tracing per-
formance.

Conclusion and Future Work

This paper presents PLGAN, a novel Generative Adversarial
Network (GAN) designed to improve the modeling of learn-
ers’ personalized features in knowledge tracing. Experimen-
tal evaluations across various models and datasets demon-
strate PLGAN’s effectiveness, with the following key find-
ings:

PLGAN enhances performance in knowledge tracing, out-
performing traditional methods in AUC and ACC. Its gen-
erated features capture deeper behavioral patterns, and the
model shows strong adaptability to different tasks, datasets,
and data distributions.

Furthermore, PLGAN’s feature evolution, visualized
through dynamic clustering, reveals its capacity to model per-
sonalized learner behavior. The clustering process ensures
stability and provides high-quality representations, validating
PLGAN’s robustness and convergence.

Future work will explore expanding PLGAN’s applications
to cross-disciplinary knowledge tracing and multimodal data
analysis.In conclusion, PLGAN offers an advanced solution
for feature generation in knowledge tracing, improving model
performance and opening new avenues for the application of
GANSs in educational data modeling. This work contributes
to personalized learning and precision education, both theo-
retically and technically.
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Appendix
Datasets

This study utilizes four widely used knowledge tracing
datasets: Algebra 2005-2006 (ALOS), ASSISTments 2009-
2010 (AS09), AS17, and STATICS (STC). These datasets
capture learners’ interaction records across various exercise
sequences, including information such as exercise questions,
response timestamps, and correctness. Table [2] provides sta-
tistical details for each dataset:

1. Algebra 2005-2006 (ALOS): Introduced by the KDD
Cup 2010 Educational Data Mining Challenge, this dataset
contains student responses to algebra problems from 2005 to
2006 (Stamper et al.,|2010). For more details, refer to link.

Table 2: Statistics of the datasets used in this study

Statistic ALO5 AS09 AS17 STC
Number of learners 574 4,217 1,079 331
Number of questions 1,084 26,688 3,162

Number of skills 138 123 102 154
Number of interactions 809,694 346,860 942,816 142,124
Average sequence length  1,410.62  82.25 873.79  429.38

2. ASSISTments 2009-2010 (AS09): This dataset orig-
inates from the ASSISTments online tutoring system estab-
lished in 2004. It utilizes the updated skill-build version,
which addresses data modeling issues and removes duplicate
records (Feng et al., 2009). More information is available at
link.

3. ASSISTments 2017-2018 (AS17): Derived from the
same source as AS09, this dataset features longer learner se-
quences, allowing multiple attempts on the same question
and highlighting cumulative learning effects (Patikorn et al.,
2018)). More details are provided at link.

4. STATICS (STC): This dataset comprises student inter-
action records from a Fall 2011 Carnegie Mellon University
engineering statics course, providing an example of higher
education learning processes (Koedinger et al., [2010). For
further information, see link.

Implementation Details

The PLGAN model is implemented using the PyTorch
deep learning framework and Python programming lan-
guage. The gradient optimization utilizes the Adam opti-
mizer (Loshchilov & Hutter, 2017) with a learning rate of
0.0002 and hyperparameters set to B; = 0.4 and B, = 0.9.
The model is trained with a sequence length of 100 for 100
epochs, and the best-performing epoch is selected for analy-
sis.

In this study, features generated by PLGAN are inte-
grated into baseline knowledge tracing models (e.g., DTrans-
former). The dataset is divided into standard train-validation-
test splits, with 60% for training, 20% for validation, and 20%
for testing. Early stopping is employed to prevent overfitting,
and experiments are repeated five times to mitigate the impact
of randomness.

Evaluation Metrics and Methodology

The models are evaluated using three key metrics: AUC (Area
Under the Curve), ACC (Accuracy), and RMSE (Root Mean
Square Error). Higher AUC and ACC values indicate better
prediction performance, while lower RMSE values reflect re-
duced errors. The best and second-best results for each metric
are highlighted in bold and underlined, respectively.

A 5-fold cross-validation method is employed, with the fi-
nal results representing the average scores across all folds.
In each fold, 20% of the data is used for testing, 20% for
validation, and 60% for training. This approach ensures the
robustness of the results.
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https://pslcdatashop.web.cmu.edu/KDDCup
https://sites.google.com/site/assistmentsdata/home/2009-2010-assistment-data
https://sites.google.com/view/assistmentsdatamining
https://pslcdatashop.web.cmu.edu/DatasetInfo?datasetId=507

Experimental Environment

The experiments are conducted on a 64-bit Linux operating
system equipped with a quad-core CPU and an NVIDIA Tesla
V100 GPU with 32 GB of GPU memory. The main memory
capacity is also 32 GB, providing a stable computational en-
vironment for deep learning experiments.
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