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Abstract: In view of the difficulties in modeling long-sequence dependence and the high
computational complexity of online learning behavior data, this paper proposes a long sequence
learning behavior modeling method based on Transformer-XL. This method improves the
performance of the model from the two levels of structure and information modeling by
constructing multidimensional behavior feature representation, integrating dynamic memory
enhancement mechanism, behavioral semantic perception attention and sparse long sequence
modeling strategy. Experimental results on real educational datasets such as ASSISTments and
EdNet show that the proposed model is superior to the mainstream methods in terms of AUC,
ACC and RMSE. The AUC increases by about 4.2% and RMSE decreases by about 8.1%.
Further ablation experiments and parameter analysis verify the effectiveness of each module.
Cross dataset experiments and noise tests show that the model has good generalization ability
and robustness. In addition, interpretability analysis shows that the model can effectively focus
on key learning behaviors. The results show that this method has significant advantages in the
long sequence learning behavior modeling task, and provides effective support for personalized
recommendation and learning state evaluation in intelligent education system.
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1. INTRODUCTION

With the rapid development of online education platform and the wide application of
intelligent learning system, large-scale learning behavior data shows a continuous growth trend.
Learners' interactive behaviors on the platform, such as video viewing, problem solving,
knowledge point jumping, and reviewing, constitute a significant time-dependent behavior
sequence|1],|2]. This kind of data is not only large in scale, but also often has the characteristics
of long sequence, that is, the behavior trajectory of a single user may span a long time span and
contain rich learning patterns and cognitive change information. How to effectively extract key
features from these long sequence data and describe the learning process has become an

*Corresponding author: Yuxiao Qin, Education College, Seoul School of Integrated Sciences and
Technologies, Seoul, republic of Korea. Email: m18652061869@163.com

Qin., ISTAER. 2613., 02 Apr. 2026 https://doi.org/10.71451/ISTAER2613



https://doi.org/10.71451/ISTAER2613
https://doi.org/10.71451/ISTAER2613
https://www.istaer.online/
http://creativecommons.org/licenses/by/4.0/
m18652061869@163.com
https://orcid.org/0009-0001-5420-5269
https://doi.org/10.71451/ISTAER2613

important research direction in the field of educational data mining and intelligent
recommendation [3],[4],[5].

However, long sequence learning behavior modeling faces many challenges. Firstly, with
the increase of the sequence length, the amount of information that the model needs to deal with
increases exponentially, which easily leads to the problem of information redundancy and key
features being submerged [6]. Secondly, there are often complex long-distance dependencies
among learning behaviors. For example, early knowledge mastery may have a profound impact
on subsequent learning, which imposes higher requirements on the memory capacity of the
model [7],[8]. In addition, the diversity and uncertainty of behavior data, the semantic
differences between different behavior types and the dynamic changes of time interval further
increase the difficulty of modeling [9]. Therefore, the core problem in current research is to
effectively capture long-range dependencies while ensuring computational efficiency.

To solve these problems, researchers have proposed a variety of sequence modeling
methods. Early recurrent neural networks (RNNs) and their variants, such as long short-term
memory networks (LSTMs), model temporal dependencies through recursive structures, but
they are easily affected by vanishing or exploding gradients when dealing with long sequences,
making it difficult to effectively propagate long-distance information [10],[11],[12],[13],[14].
Subsequently, the transformer model based on attention mechanism significantly improves the
expression ability through global dependency modeling, but its computational complexity
increases with the square of the sequence length, which makes it face the efficiency bottleneck
in the super long sequence scenario [15]. At the same time, the standard Transformer lacks an
explicit memory mechanism for historical information and is prone to context fragmentation
when processing long sequences in segments.

Transformer-XL alleviates the above problems to a certain extent by introducing relative
position encoding and a cross-segment memory mechanism, allowing the model to reuse
historical hidden states and thus improve its ability to model long sequences [16],[17]. However,
its memory updating strategy is relatively fixed, and it is difficult to adapt to the dynamic pattern
of learning behavior; At the same time, attention computing still relies on dense connections,
and the computational cost is still high under the ultra long sequence [18],[19]. In addition, the
existing models generally lack the in-depth use of behavioral semantic information, and it is
difficult to fully mine the internal relationship between learning behaviors.

To address this, focusing on the core problem of “long-sequence learning behavior
modeling,” this paper proposes an improved model framework for complex educational data
scenarios. On the basis of Transformer-XL, this method systematically optimizes the memory
mechanism, attention structure and computational efficiency, enhances the adaptability of the
model to historical information by introducing dynamic memory management strategy,
improves the expression ability of behavior association combined with semantic perception
mechanism, and reduces the computational overhead of long sequence modeling through sparse
structure design, so as to achieve an effective balance between performance and efficiency.

The main contributions of this paper are reflected in the following aspects. Firstly, a
dynamic memory enhancement mechanism is proposed, which enables the model to adaptively
adjust the memory content according to the changes of learning behavior, and effectively
improves the long-range dependency modeling ability. Secondly, the mechanism of behavioral
semantic perception attention is designed, which integrates behavioral semantic information
into the attention calculation process, and enhances the recognition ability of the model to key
behavior patterns. Thirdly, the sparse long sequence modeling strategy is introduced to
significantly reduce the computational complexity under the premise of ensuring the
performance of the model, making it more suitable for large-scale data scenarios. Finally, the
system experiments on several real education data sets verify the significant advantages of the
proposed method in performance, robustness and interpretability, and provide a practical
solution for long sequence learning behavior modeling.
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2. RELATED WORK

Learning behavior modeling and knowledge tracking is an important research direction in
the field of educational data mining. Its core goal is to predict the future performance or mastery
state of learners by analyzing their historical interaction behavior. Early methods were mostly
based on probability graph models, such as Bayesian knowledge tracking, which described
knowledge mastery through implicit variables, but its expression ability was limited, and it was
difficult to capture complex behavior patterns [20]. With the development of deep learning,
knowledge tracking method based on neural network has gradually become the mainstream.
Deep knowledge tracking uses recurrent neural network to model the learning behavior
sequence, which significantly improves the prediction performance [21],[22]. Subsequently, the
researchers further introduced the attention mechanism and graph structure information, and
proposed a variety of improved methods, so that the model can better model the relationship
and learning path between knowledge points. However, these methods still face the problems
of information attenuation and computational efficiency when dealing with ultra long behavior
sequences.

In the development of sequence modeling method, the model structure has evolved from
recursion to attention mechanism. RNN and its variants LSTM and Gru alleviate the gradient
disappearance problem through gating mechanism, making it perform well in short to medium
length sequence modeling [23]. However, this kind of method essentially relies on sequential
recursive computation, which is difficult to parallelize, and it still has the problem of
insufficient memory ability in long sequences. By introducing the self attention mechanism,
transformer model realizes the direct modeling of the dependency relationship between any
position in the sequence, which greatly improves the expression ability and training efficiency
[24],]25]. However, its computational complexity is squared with the sequence length, which
significantly increases the resource consumption in long sequence scenarios, and lacks an
effective historical information reuse mechanism.

In view of the deficiency of transformer in long sequence modeling, Transformer-XL
enhances the ability of capturing long-distance dependence by introducing relative position
coding and cross-segment memory mechanism. The model effectively alleviates the problem
of context truncation by reusing historical hidden states, and has achieved excellent
performance in language modeling and other tasks [26]. Since then, researchers have carried
out a series of improvements around Transformer-XL, such as improving the efficiency of
information utilization through improving the memory update strategy, or reducing the
computational overhead through structural optimization. However, most of these methods focus
on the optimization of a single dimension, and have not systematically designed the modeling
of long sequence learning behavior from the overall architecture level.

At the same time, the long sequence modeling and optimization technology has also been
widely concerned. The first method filters and reconstructs the historical information by
introducing memory mechanism or compression strategy to reduce the interference caused by
redundant data; The other method limits the computational range of attention by sparse attention
structure, so as to reduce the time and space complexity. For example, local window attention,
hierarchical attention and sparse connection method based on pattern selection all improve the
efficiency of long sequence modeling to a certain extent [27]. In addition, some researches try
to integrate local and global information with the idea of multi-scale modeling to enhance the
ability of the model to capture different granularity behavior patterns. However, the application
of these methods in educational scenes is still relatively limited, especially in behavioral
semantic modeling.

Overall, the existing research has made some progress in learning behavior modeling and
long sequence processing, but there are still some shortcomings. On the one hand, it is difficult
for traditional methods to take into account both long-range dependence modeling ability and
computational efficiency; On the other hand, most models fail to make full use of the semantic
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information of learning behavior, which limits its expression ability. Compared with the
existing work, this method extends Transformer-XL from multiple levels, improves the
information management ability by introducing dynamic memory mechanism, enhances the
depth of behavior modeling combined with semantic perception attention, and reduces the
computational complexity through sparse structure optimization, so as to realize the efficient
modeling of long sequence learning behavior. This multi-dimensional collaborative
optimization design makes the proposed method achieve a better balance between performance
and practicability.

3. METHODOLOGY

3.1 Representation of learning behavior sequence

In online learning scenarios, user behavior is usually represented by time-dependent
sequential data. Let the learning behavior sequence of user u be expressed as:

"Su = {51!521 "'!ST} (1)

Where T is the length of the sequence, and s; is the behavior event in time step t. Each
behavior event can be further expressed as a multidimensional eigenvector:

se = (ag, ¢, 1, Aty) 2)

where, a; represents the type of behavior, g; represents the knowledge point or topic ID,
1 represents the behavior result (such as correct/incorrect), and At; represents the time
interval between consecutive behaviors.

For multi-dimensional features, this study uses embedded mapping function to map
discrete and continuous features to low dimensional vector space:

e; = Eq(a;) + E4(q,) + E- () + Ea(Aty) 3)

Where, Eg, Eg, E, are the learnable embedding matrices respectively, and Ex(+) is the
time coding function (piecewise linear or logarithmic mapping can be used). Finally, the input
sequence representation is obtained:

X = [el, ez, ...,eT] € RTXd (4‘)

Where d is the embedded dimension.

3.2 Basic model: Transformer-XL

To address the context truncation problem, the scoring function in attention calculation is
defined as:

Arj=(q+w)'ki+ (q; + V)1 (5)
Where q; and k; are query and key vectors respectively, r;_; represents relative

position encoding, and u,v are learnable bias terms.

To achieve cross-segment dependency modeling, Transformer-XL introduces segment
level recurrence mechanism. Let the current segment input be X* and the historical memory
be M”71 then the extended context is represented as:

H* 1 = [SG(M™1); H*1] (6)

Where SG(:) means to stop the gradient operation. This mechanism enables the model to
reuse historical hidden states when dealing with long sequences, so as to effectively capture
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long-distance dependencies.

In the overall modeling process, the input sequence is segmented by a fixed length, and
each segment carries out attention calculation in combination with historical memory when
propagating forward, so as to realize the modeling ability of approximate infinite context.

3.3 Dynamic memory enhancement mechanism

To solve the problem that Transformer-XL fixed memory window is difficult to adapt to
complex learning behavior patterns, this paper proposes a dynamic memory enhancement
mechanism. First, define the memory update function:

M?® = Update(M*~1, H) (7

Where H® represents the hidden representation of the current segment. To achieve
adaptive updating, we introduce a gating mechanism:

g = O'(Wght + bg) (8)
m =g Oh+(1-g) Omey C))

Where o(-) is the sigmoid function, © is the element by element multiplication, and g,
controls the information retention ratio.

Furthermore, memory is divided into long-term memory M’ and short-term memory MS:
M? = [ME, M5] (10)

Short term memory is used to capture local behavior patterns, and long-term memory is
used to store stable learning characteristics. To avoid the accumulation of redundant
information, a compression function is introduced:

ML = Compress(MF) (11
This function can be implemented by average pooling or low rank projection, so as to
reduce the storage overhead while maintaining key information.
3.4 Attention mechanism of behavioral semantic perception

The traditional attention mechanism does not make full use of behavioral semantic
information. This paper introduces semantic perception attention to enhance the model
expression ability. First, define behavioral semantic embedding:

st = Es(at, q¢) (12)
Where E; is the joint semantic encoding function.
In attention calculation, semantic information is introduced into weight calculation:
exp(q;k; +q;s;)
2 exp (a7 kg +qf'sp)

This mechanism enables the model to focus on semantically similar behaviors when
computing attention.

(13)

ai,j =

In addition, a multi granularity attention fusion structure is designed to jointly model local
behavior patterns and global dependencies:

H = AHjpcq + (1 - A)Hglobal (14)

Where A4 is the learnable weight parameter, H;,.,; represents the local window attention
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output, and Hgopq; represents the global attention result.

3.5 Sparse long sequence modeling optimization

In order to reduce the computational complexity of long sequence modeling, sparse
attention structure is introduced in this paper. The traditional attention complexity is O(T?).
By limiting the scope of attentional connectivity, this paper optimizes it to O(T - k). Where
k < T is the number of sparse connections.

Specifically, build a sparse pattern based on window and jump connection:
NO={jl li-jlsw}u{jlj=i-2P} (15)

Where w is the local window size, and jump connections are used to capture long-
distance dependencies.

In the calculation process, attention calculation is performed only on the elements in the
adjacent set IV (i), which significantly reduces the computational and storage overhead. At the
same time, combined with the segmented computing strategy, the super long sequence is
divided into multiple sub blocks and processed in parallel to improve the training efficiency.

3.6 Overall model architecture

The overall model is composed of input embedding layer, enhanced Transformer-XL
coding layer and prediction layer, forming an end-to-end long sequence learning behavior
modeling framework. Firstly, the input sequence is mapped to a unified low dimensional
continuous space through multidimensional feature coding, and the time ordered embedded
representation is obtained. This representation not only contains basic behavior information,
but also integrates time interval and semantic features, so as to provide richer context expression
for subsequent modeling. Then, the embedded sequence is fed into the improved Transformer-
XL encoder, which consists of multiple stacked layers. On the basis of the original structure,
the dynamic memory enhancement and semantic perception attention modules are introduced
in each layer to further improve the expression accuracy while maintaining the original long
dependence modeling ability.

Within the coding layer, the stable information transmission and gradient propagation are
realized between the sub modules through residual connection and layer normalization.
Specifically, each layer first calculates the context representation of the current sequence based
on the sparse attention mechanism. In this process, the attention distribution is modulated by
the semantic perception module to make the model pay more attention to the key behavior nodes
with learning significance. Then, the dynamic memory module filters and integrates the hidden
state of the current layer, writes important information into the cross-segment memory unit, and
compresses or discards redundant information, so as to achieve efficient historical information
management. This process enables the model to maintain long-term dependent information and
avoid the accumulation of invalid information when dealing with ultra long sequences.

Between layers, the model realizes cross layer information interaction by sharing hidden
states and memory units, so that different levels can capture behavior patterns from different
abstract granularity. The shallow layer focuses more on local behavior feature extraction, while
the deep layer gradually models global dependencies and long-term learning trends. This
hierarchical structure enables the model to have a stronger level of expression in terms of
expression ability, which is helpful to depict the complex learning process.

In the forward propagation stage, the model is executed in sequence according to the
process of "embedding mapping context modeling memory updating predictive output".
Specifically, input embedding first enters the coding layer for multiple rounds of attention
calculation and feature transformation, and then the dynamic memory module updates the
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historical information and feeds back the updated memory to the subsequent calculation process.
After coding, the final hidden state is input to the prediction layer, and the target output is
generated through full connection mapping, such as learning performance prediction or
behavior probability distribution. The prediction layer can use sigmoid or softmax functions to
output probability results according to specific tasks, so as to adapt to classification or
regression task requirements.

In addition, in order to further improve the stability and generalization ability of the model,
a variety of training assistance mechanisms are introduced into the overall architecture,
including dropout to alleviate over fitting and gradient clipping to prevent gradient explosion
during training. Through the collaborative design of the above modules, the model not only
maintains high computational efficiency, but also realizes the fine modeling of long sequence
learning behavior, forming a unified framework that takes into account the expression ability
and scalability.

3.7 Loss function and training strategy

For the learning behavior prediction task, we use the cross-entropy loss function:

T
£==) ylog3, (16)
t=1

Where y; is the real label and J, is the prediction probability of the model.
To prevent over fitting, L2 regularization is introduced:
Lyeg =216 15 17)
Where 6 is the model parameter and A is the regularization coefficient. The final loss is:
Liotar = L+ Lreg (18)

AdamW optimizer is used for model training, and its parameter update rules are:

m
00-—n —— (19)
MUt €

Where 1 is the learning rate, m;, v, are the first-order and second-order moment
estimates, respectively.

In the training process, the learning rate preheating and attenuation strategy is adopted, and
the gradient cutting is combined to avoid gradient explosion. Through the above optimization
strategy, the model can achieve efficient convergence while ensuring stability.

4. EXPERIMENTS

In order to comprehensively verify the effectiveness and superiority of the proposed model
in the modeling of long sequence learning behavior, this paper carried out systematic
experiments on multiple real education data sets, and conducted in-depth analysis from the
dimensions of performance, structural contribution, stability and interpretability.

4.1 Dataset and experimental setup

This paper selects two typical open educational datasets for evaluation: assistments2017
and EdNet. ASSISTments2017 contains about 9.4 x 10° student interaction records,
involving about 17,000 students and more than 3,000 knowledge points; EdNet is larger,
including more than 1.3 X 108 behavior sequences, and exhibits typical long-sequence
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characteristics. Let the original data be D = {(u;,s;)}).,, where u; is the user ID and s; is
the behavior sequence.

In the data preprocessing stage, the sequence is first constructed in chronological order,
and the length of the sequence is truncated and filled to make it unified as the maximum length
Tinax- Logarithmically normalize the time interval At:

At" =log(1 + At) (20)

Where At is the original time difference. Finally, the input tensor X € RNV*Tmax*d jg
constructed.

The experiment was conducted on NVIDIA A100 GPU using AdamW optimizer. The
initial learning rate was set to 1 X 10™*, the batch size was 64, the number of model layers
was L = 6, the hidden dimension was d = 256, and the memory length was M = 512. All
experiments were repeated three times and the average results were taken to ensure stability.

4.2 Main experimental results

In order to verify the performance of the model, RNN, LSTM, transformer and
Transformer-XL are selected as comparison models. The evaluation indexes include AUC,
accuracy (ACC) and root mean square error (RMSE), which are defined as follows
[28],1291,[30]:

1
AUC = f TPR(FP R™1(x))dx (21)
0
1 N
ACC =NZH(% =9) (22)
1 N
RMSE = NZ(% % (23)

Where y; is the real label and y; is the predicted value.

To comprehensively evaluate the performance of the model, Table 1 compares the
performance of different methods on the three metrics of AUC, ACC and RMSE. It can be
observed that from RNN to Transformer-XL, the model performance is gradually improving,
indicating that the enhancement of sequence modeling ability plays an important role in the
task.

Table 1. Overall Performance Comparison on Benchmark Datasets

Model AUC ACC RMSE

RNN 0.742 0.701 0.451

LSTM 0.768 0.723 0.428

Transformer 0.791 0.741 0.401

Transformer-XL 0.812 0.758 0.382

Proposed Model 0.846 0.781 0.351
8
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From the results, the AUC of this model is about 4.2% higher than that of Transformer-XL,
and the RMSE is about 8.1% lower, indicating that the prediction accuracy and stability are
significantly enhanced. This further verifies the effectiveness of the proposed improvement
strategy in complex learning behavior modeling.

With the increase of sequence length, the differences of long dependency modeling ability
between different models gradually appear. In Figure 1, the horizontal axis represents the
sequence length, and the vertical axis shows the AUC value. From the overall trend, the
performance of the traditional LSTM model is acceptable (AUC = 0.78) in short sequences (50—
100), but as the sequence length increases to 600, its performance decreases to about 0.68, a
decrease of more than 12.8%. Transformer-XL showed stronger stability, and only decreased
by about 6.2% in the long sequence.

0.850 // p—
0.825 1
0.800 -
v 0.775 1
-]
<
0.750 1
0.725+
—e— LSTM
0.700 1 —®— Transformer-XL
—&—  Proposed model
0.675 -

100 200 300 400 500 600
Sequence length

Figure 1. Performance Comparison across Different Sequence Lengths

In contrast, this paper proposes that the model maintains the optimal performance in the
whole length range, and it still maintains AUC =~ 0.84 when the sequence length is 600, only
decreasing by about 2.4%. This result shows that the dynamic memory enhancement and sparse
modeling mechanism can effectively alleviate the problem of long sequence information
attenuation, and significantly improve the modeling ability of the model for long-distance
dependence.

4.3 Ablation study

To analyze the independent contribution of each module, Table 2 shows the performance
changes under different ablation settings. The performance of the complete model is the best,
but it degrades in varying degrees after removing the key modules.
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Table 2. Ablation Study Results of Model Components

Variant AUC ACC
Full model 0.846 0.781
w/o Dynamic memory 0.829 0.768
w/o Semantic attention 0.833 0.771
w/o Sparse mechanism 0.836 0.774
Transformer-XL 0.812 0.758

It can be seen that the dynamic memory module brings about a 2.0% AUC improvement
and is the most critical component; semantic attention and the sparsity mechanism contribute
about 1.5% and 1.2%, respectively. The results show that each module plays a complementary
role in performance improvement.

To verify the independent contribution of each module, Figure 2 shows the performance
comparison of different model variants. The full model reached the highest AUC=0.846, while
the performance decreased to 0.829 after removing the dynamic memory module (-DM), a
decrease of 2.0%; Removing semantic attention (-SA) and sparse mechanism (-SP) decreased
by 1.5% and 1.2%, respectively.

0.8 1
0.7 1
0:64
0.8

AUC

0.4 1
0.3 4
0.2

D:14

0.0~

Full -DM -SA -SP
Model variants

Figure 2. Ablation Study of Model Components

It can be clearly observed from Figure 2 that the dynamic memory module contributes the
most to the performance improvement, indicating that the effective separation of long-term and
short-term information is essential for learning behavior modeling. At the same time, the
performance improvement brought by multi module combination has obvious nonlinear
superposition effect, which verifies the collaborative optimization ability of model design.
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4.4 Parameter sensitivity analysis

This paper further analyzes the influence of key parameters on the performance of the
model. Let the memory length be M and the number of model layers be L. its impact on
performance is expressed as a function:

Perf = f(M, L) (24)

Memory length is an important factor affecting the ability of long sequence modeling.
Table 3 shows the effect of different memory lengths M on model performance.

Table 3. Effect of Memory Length on Model Performance

Memory length (M) AUC RMSE
128 0.821 0.392
256 0.834 0.371
512 0.846 0.351
768 0.845 0.352
1024 0.845 0.353

It can be observed that the performance of the model is the best when M = 512, which is
about 2.5% higher than 128. However, the benefits of increasing the memory length are limited,
which shows that the model can fully capture the long-range dependence and avoid the
interference caused by redundant information.

Model depth has an important impact on representation and generalization. Figure 3 shows
the performance change trend under different layers (2—10 layers). It can be observed that with
the increase of the number of layers from 2 to 6, the AUC increased from 0.81 to 0.846, an
increase of about 4.4%; However, when the number of layers further increases to 10, the
performance slightly decreases to 0.840.
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Figure 3. Impact of Model Depth on Performance

The results show that the model reaches the best performance balance point at 6 layers.
Too shallow networks are difficult to capture complex behavior patterns, while too deep
structures may introduce redundant information and over fitting risk. Therefore, in long
sequence learning tasks, moderate model depth is the key factor to achieve optimal performance.

4.5 Generalization ability and robustness analysis

To evaluate the generalization ability of the model, Table 4 shows the experimental results
across datasets (trained in assistments and tested in EdNet).

Table 4. Cross-Dataset Generalization Performance

Model AUC ACC
Transformer 0.752 0.709
Transformer-XL 0.771 0.728
Proposed model 0.803 0.751

The results show that the model in this paper still remains in the lead in the cross dataset
scenario, and the AUC increases by about 3.2%, indicating that the behavior representation it
learned has strong generalization ability and can adapt to different education scenarios.

In addition, noise disturbance is introduced:
% =x,+€e~N(0,02) (25)
Where o = 0.1.

To evaluate the stability of the model in a noisy environment, Table 5 shows the
performance changes under different noise levels (o).
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Table 5. Robustness under Noise Perturbation

Noise level (o) Transformer-XL Proposed model
0.0 0.812 0.846
0.05 0.798 0.835
0.10 0.776 0.820
0.20 0.742 0.800
0.30 0.681 0.780

It can be seen that under the condition of high noise (o = 0.3), the performance of
Transformer-XL decreases by about 16.1%, while the model in this paper only decreases by
about 7.8%. This shows that the proposed method has stronger robustness in complex
environment.

To evaluate the robustness of the model, Figure 4 shows the performance changes under
different noise intensities. As the noise level increased from 0 to 0.3, the AUC of Transformer-
XL decreased from 0.81 to 0.68, a decrease of about 16%; The model in this paper only
decreased from 0.846 to 0.780, a decrease of about 7.8%.

0.850 -

—#— Transformer-XL

0.825 1 : ; —&— Proposed model

0.800 -

O 0.775 1

U

= 0.750 -
0.725 -

0.700 1

0.675 -

000 005 010 015 020 025 030
Noise level

Figure 4. Robustness under Different Noise Levels

It can be seen that the model in this paper still maintains strong stability in high noise
environment, and its performance degradation is about half of the baseline model. This shows
that semantic perceptual attention mechanism can effectively suppress noise interference and
improve the recognition ability of the model for key behavior features.

4.6 Interpretability analysis
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To analyze the internal mechanism of the model, we visualize the attention weights. Let
the attention matrix be:

-
A = softmax <Q%> (26)

Where Q,K are query and key matrices.

To improve the interpretability of the model, Figure 5 shows the attention weight
distribution of typical user behavior sequences. The darker the color, the higher the attention
weight. It can be observed that the model pays more attention to key behavior nodes (such as
review behavior after wrong answer).

Time step

Time step

Figure 5. Visualization of Attention Weights

Further analysis shows that the high weight regions are mainly concentrated in the behavior
turning points with learning significance, and their weights account for more than 30%. This
shows that the model can not only accurately predict, but also capture the key patterns in the
learning process, so as to provide interpretable basis for educational intervention.

Further count the behavior patterns and define the importance score:
Iy = 2 Ut (27)
J
Where a;; is the attention weight.

To analyze the interpretability of the model, Table 6 counts the weight proportion of
different learning behavior types in the attention mechanism.
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Table 6. Importance Distribution of Learning Behaviors

Behavior type Weight Ratio
Incorrect response 0.31
Correct response 0.24
Video learning 0.18
Review behavior 0.27

From the results, “wrong answer” and “review behavior” account for more than 58% of
the weight, indicating that the model pays more attention to the key behaviors with learning
value. This is consistent with the theory of educational cognition, which further verifies the
rationality of the model.

To sum up, the experimental results verify the significant advantages of the proposed
model in the modeling of long sequence learning behavior from multiple perspectives. It is not
only superior to the existing methods in performance, but also has good characteristics in
robustness and interpretability, which provides a strong support for the practical application of
education.

5. DISCUSSION

From the overall experimental results and model structure design, the proposed method
shows significant advantages in long sequence learning behavior modeling task. Firstly, at the
level of modeling ability, by introducing the dynamic memory enhancement mechanism, the
model can effectively distinguish between short-term behavior fluctuations and long-term
learning trends, so as to avoid the problem of information attenuation or excessive accumulation
in traditional methods. Combined with semantic perceptual attention mechanism, the model can
not only capture the time-dependent relationship between behaviors, but also further mine the
semantic association behind behaviors, making the representation more discriminative. In
addition, the sparse long sequence modeling strategy significantly reduces the computational
complexity, so that the model can still maintain high efficiency in the face of large-scale and
ultra long sequence data. This ability to achieve a balance between performance and efficiency
makes the method more applicable in real complex scenes.

However, the method in this paper still has some limitations. First, the model introduces a
variety of enhancement modules, which improve its expressive power but also increase
structural complexity and training cost, imposing higher demands on computing resources. In
a resource constrained environment, the deployment of the model may be limited. Secondly,
the dynamic memory mechanism depends on the parameterized update strategy, and its effect
may be sensitive under different data distribution, especially when the behavior data is sparse
or noisy, memory update may introduce unstable factors. In addition, although the semantic
attention mechanism improves the interpretation ability of the model, its interpretation results
are still mainly based on the distribution of attention weights, and have not yet reached the fully
interpretable causal level, which still has room for improvement in some high demand
educational application scenarios.

In essence, the core difference between this paper and the existing methods is the
systematic reconstruction of the modeling paradigm of “long sequence dependence”.
Traditional RNN and LSTM rely on implicit state recursion to propagate information, which is
vulnerable to the gradient disappearance problem. Although the standard transformer alleviates
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this problem through global attention, it has high computational complexity in long sequence
scenes and lacks an effective historical information management mechanism. Transformer-XL
improves the context modeling ability by introducing memory mechanism, but its memory
update strategy is relatively fixed, which is difficult to adapt to complex dynamic behavior
patterns. In contrast, this method unifies and optimizes the three key processes of “information
selection, information expression and information dissemination” through the collaborative
design of dynamic memory, semantic enhanced attention and sparse structure, so as to achieve
more efficient and accurate long sequence modeling. This comprehensive improvement from
the structural level to the information flow mechanism is an essential feature different from the
existing work.

At the practical application level, this method has high landing value. In the intelligent
education system, the model can be used for tasks such as learning path prediction, personalized
recommendation and learning status evaluation. Through in-depth modeling of long-term
learning behavior, it can provide data support for teaching decision-making. For example, in
the online learning platform, the model can predict the future performance of students based on
their historical behavior sequence, so as to achieve early intervention; In the adaptive learning
system, the content recommendation strategy can be dynamically adjusted according to the
learning behavior mode. In addition, due to the interpretability of the model, its attention
distribution can assist in the analysis of key learning behaviors and provide intuitive teaching
feedback for teachers. In summary, this method not only shows good performance in theory and
experiment, but also has strong practical application potential, which provides a new technical
path for the in-depth development of intelligent education.

6. CONCLUSION

Focusing on the key problem of long-sequence learning behavior modeling, this paper
proposes an improved model based on Transformer-XL to address the insufficient modeling
ability and limited computational efficiency of traditional methods in long-dependency
modeling. Through the in-depth analysis of the characteristics of learning behavior data, this
paper constructs a sequence representation method integrating multi-dimensional behavior
characteristics, and introduces a variety of structural optimization mechanisms on this basis, so
that the model can achieve more accurate prediction and analysis in the complex education data
environment. The experimental results show that the performance of the proposed method is
significantly better than that of the existing methods on multiple real data sets, especially in the
long sequence scenario, showing stronger stability and robustness, which verifies the
effectiveness and practicability of the model design.

From the perspective of innovation, the main contribution of this paper is reflected in the
systematic enhancement of Transformer-XL architecture. First, by introducing the dynamic
memory enhancement mechanism, the model can adaptively update historical information
according to changes in learning behavior, thereby effectively alleviating the problems of
information redundancy and forgetting in long sequences; Secondly, the mechanism of
behavioral semantic perception attention is designed, which integrates behavioral semantic
information into the attention computing process, and improves the recognition ability of the
model for key behavior patterns; Thirdly, by constructing sparse long sequence modeling
strategy, the computational complexity is significantly reduced while ensuring performance,
making the model more suitable for large-scale data scenarios. These improvements not only
improve the performance of the model, but also provide a new solution to the problem of long
sequence modeling from the structure and mechanism level.

Although this method has achieved good results in many aspects, there is still room for
further expansion. Future research can be carried out in the following directions: first, explore
a more lightweight model structure to reduce the consumption of computing resources and
improve the deployment efficiency in the actual system; The second is to introduce multimodal
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learning mechanism to integrate multi-source information such as text, video and behavior
sequence, so as to build a more comprehensive representation of learning behavior; The third
is to strengthen the interpretability research of the model, and further enhance the credibility
and transparency of the model in the educational scene by combining causal inference or
interpretable artificial intelligence methods; The fourth is to extend the model to a wider range
of application scenarios, such as cross platform learning analysis and personalized education
recommendation system. In summary, this work provides an effective and promising technical
framework for long-sequence learning behavior modeling and lays a solid foundation for
subsequent research.
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