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Abstract: This paper proposes a deep learning-based player behavior modeling and interaction
system optimization method. By constructing a BILSTM-Attention behavior recognition model, it
realizes modeling and behavior classification of high-dimensional time-sequence operation data, and
dynamically adjusts interaction strategies and response parameters in combination with the
classification results to optimize the game feedback mechanism. The experiments are conducted on
a large-scale player behavior dataset collected from the actual game environment, and the evaluation
results show that the method outperforms the traditional model in terms of accuracy, click precision,
response delay and user satisfaction, which verifies the effectiveness of the proposed scheme in
improving the adaptability and smoothness of the interaction system, and it has a good prospect of
application and popularization value.
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1. Introduction

With the continuous expansion of the digital entertainment industry, the fine modeling of player
behavior has become a key link to improve the game interaction experience and personalized content
delivery. Aiming at the limitations of traditional modeling methods in the portrayal of temporal
correlation and behavioral differences, this paper introduces a deep learning method to construct a
behavioral recognition model, and optimizes the response mechanism of the interaction system on
this basis.

In recent years, deep learning has demonstrated strong advantages in a variety of application
domains. Ali et al. (2025) proposed a deep learning framework for solving fractional partial
differential equations, showing its capacity to handle complex dynamic systems with nonlinearity
and memory properties [1]. Braun and Wulff (2025) explored the automation of agricultural subsidy
processing using deep convolutional networks, highlighting the effectiveness of deep learning in
decision-making systems driven by visual data [2]. In the medical field, Yagmur et al. (2025) applied
deep neural networks to the classification of EEG signals for Alzheimer’s detection, which confirmed
the model's sensitivity to temporal sequence data with subtle variation [3]. In terms of security
applications, Basheer and P. R. (2025) developed an intrusion detection framework using graph
convolutional networks, illustrating deep learning's robustness in processing irregular behavior
patterns within large-scale systems [4].This study proposes a BILSTM-Attention model to optimize
game interactions through adaptive feedback.

2. Relevant Technology Base

In player behavior modeling, deep neural networks can effectively mine the potential laws in
player operation data Taking convolutional neural network (CNN) as an example, it extracts spatial
features through convolutional kernel, which is suitable for the recognition of player click heatmap
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and path trajectory; while recurrent neural network (RNN) and its variants LSTM and GRU are more
suitable for the modeling of temporal behavior data, as shown in the following equation (1), the state
transfer of LSTM controls the flow of information through the gating mechanism:

fo=ocW,-[h,,x]+b;) ¢ =f -c,+i-C ()

f, . iy ,
where ! is the Oblivion Gate and C is the current cell state.

For large-scale behavioral data processing, the Transformer structure is advantageous in
modeling long-distance dependencies with the self-attention mechanism defined as follows:

.
Attention(Q, K,V) = soft max ?/E_)V @)
k

This study analyzes 20,000 operation records from a competitive game, where players average
87 interactions per minute with behavior sequences of length 136. After normalization and denoising,
PCA shows the first three components retain 91.3% of the data. The modular game system supports
real-time Al integration via APL

3. Design of Deep Learning-Based Player Behavior Modeling Approach

3.1. Data Acquisition and Preprocessing

This study collects operation behavior data from 500 active players in a multiplayer competitive
game, totaling 120 GB of raw logs. The data collection is based on client-side SDK injection and server
log synchronization, ensuring millisecond-level event timestamp precision. After eliminating
abnormal session records (3.7% of data), operation events are uniformly coded into time-sequence
behavior vectors. A sliding window (30-second size, 5-second step) transforms continuous sequences
into model inputs. Numerical features are normalized using Min-Max scaling, and categorical
features are One-Hot encoded. Outliers are corrected with z-score, and missing values are controlled
at 1.5%. The final dataset contains 280,000 sequences, ready for modeling.

3.2. Feature Extraction and Selection Strategy

Twelve primitive features, such as operation frequency and skill release intervals, were extracted
from behavior logs, and higher-order semantic features were obtained using statistical methods
combined with deep learning. PCA revealed that the first six components explained 87.6% of the
variance, with "skill usage rhythm" and "interaction density" having the highest weights. A BILSTM
network, with 128 hidden units, ReLU activation, and Dropout=0.3, was used to capture temporal
and nonlinear relationships in the data[5].

3.3. Model Construction

A player behavior modeling model based on Bidirectional Long Short-Term Memory (BiLSTM)
network to capture the backward and forward dependency properties in the behavioral sequences.

The input feature vector dimension is X eR™F , where T = 30 s the time step and F =8 is the
filtered feature dimension [6]. The BiLSTM network contains two layers, each containing 128 hidden
units, and uses the ReLU activation function. The bi-directional structure is able to handle both
historical and future states, and the hidden states are updated as follows:

h, = LSTM (%, hy 1)-h, = LSTM™ (x,,h,,) 3)
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. On that basis, the

weight expressiveness of the key behavioral fragments is enhanced using the Attention mechanism,

The final output is a positive and negative hidden state splice:

whose weights are computed as:

exp(W;h, +D,)
T
Zizl eXp(Wa hi + ba) (4)

s . . W, b, . .
where % is the importance coefficient of the first! momentand' '@ "2 is the trainable parameter.

3.4. Model Training and Evaluation Indicator Design

In the model training phase, the BILSTM-Attention model is parameter updated using the Adam
optimizer, with the initial learning rate set to 0.001, combined with a dynamic learning rate decay
strategy to avoid late oscillations [7]. Meanwhile, in order to improve the model stability, the output
of each layer is normalized using Batch Normalization, the training batch size is set to 64, and the
maximum number of training rounds is 50. The loss function uses weighted cross-entropy to consider
the imbalance problem of category distribution, which is defined as follows:

N
L :_Z w; - y; log('y;) (5)

i=1

where, Wi s the sample weight, Vi is the true label, and Vi is the predicted value.
The model training introduces Dropout (set to 0.3) with L2 regularization term to effectively
mitigate the overfitting risk, which is defined as the regularization term:

Llotal =L+ ﬂ“z ”9"2 (6)

where, 0 is the model parameter and A s the regularization coefficient, set to 0.01[8].

4. Optimization Design of Game Interaction System

The optimized game interaction system adopts a modular design, including a front-end interface,
behavior perception module, predictive control engine, and feedback scheduler. It uses a client SDK
to collect real-time player data, and the perception module identifies behavior types The control
engine adjusts interaction parameters and supports Dynamic Difficulty Adjustment (DDA).
Feedback is adapted in real time to enhance immersion[9]. The system is decoupled via RESTful API,
enabling quick deployment and updates in engines like Unity, achieving personalized, adaptive
interaction for an enhanced game experience.

5. System Implementation and Experimental Analysis

5.1. System Architecture and Module Design

The system follows a decoupled front-end and back-end design with four core modules:
interaction acquisition, behavioral modeling, optimization control, and feedback rendering[10]. The
front-end, built on Unity, uses a lightweight SDK for real-time data collection and uploading. The
back-end, using Python and TensorFlow, performs classification predictions on behavioral sequences.
The control module adjusts game interaction parameters based on model outputs, while the feedback
module updates the Ul and responses in real time. Modules communicate via RESTful APIs for
efficient system performance in a high-concurrency environment.
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5.2. Data Set Construction and Experimental Environment

The dataset comprises operation logs from 500 players in an online competitive game, capturing
interactions such as clicks, movements, and skill releases[11]. It includes approximately 280,000
behavioral sequences with 30 time steps and 8 feature dimensions per step. Behavior labels are
categorized into 4 patterns based on expert annotation. After cleaning and normalization, the data is
formatted as sequence tensors for model training. The experimental environment uses an Intel i9-
13900K processor, 32GB RAM, NVIDIA RTX 3080 GPU, Ubuntu 22.04, Python 3.9, TensorFlow 2.14,
and Jupyter Notebook for model management. Flask API and Unity interface are used for system
deployment testing.

5.3. Model Training Results and Analysis

Five deep learning models are compared using Accuracy, Precision, Recall, and F1 Score for
comprehensive performance evaluation.

Table 1. Model Evaluation Metrics.

Model Accuracy Precision Recall F1 Score
RNN 0.794 0.781 0.768 0.774
GRU 0.832 0.817 0.805 0.811
LSTM 0.849 0.835 0.822 0.828
BiLSTM 0.861 0.846 0.838 0.842
BiLSTM+Attention 0.872 0.859 0.851 0.855

As shown in Table 1, BILSTM+Attention outperforms others in all metrics, highlighting its
effectiveness in modeling complex player behaviors. See Figure 1 for details.
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Figure 1. Model Evaluation Comparison.

Observe the convergence trend and stability performance of the model during the training
process, record the accuracy and loss value changes of BILSTM+Attention model during 10 rounds
of training, and construct the following training process data table.

Table 2 shows stable training and validation accuracy, with minimal loss difference, indicating
high model stability and robustness.

Table 2. BILSTM+Attention Training Process.

Validation

Epoch Train Accuracy Train Loss Validation Loss
Accuracy
1 0.681 0.673 0.932 0.956
2 0.738 0.727 0.801 0.823
3 0.781 0.769 0.689 0.715
4 0.812 0.8 0.588 0.612
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5 0.839 0.829 0.502 0.518
6 0.851 0.846 0.435 0.447
7 0.86 0.858 0.391 0.398
8 0.869 0.866 0.362 0.368
9 0.872 0.871 0.357 0.362
10 0.872 0.871 0.356 0.362

5.3. Assessment of the Effectiveness of System Optimization

The experimental comparison of the system before and after optimisation is detailed in Table 3.

Table 3. System Optimization Evaluation Metrics.

Evaluation Metric Before Optimization After Optimization
Average Response Time (ms) 243 172
Click Accuracy (%) 84.2 91.5
Ul Interaction Delay (ms) 131 78
User Satisfaction (1-5) 3.2 44
Error Rate (%) 6.5 3.1
Session Completion Rate (%) 78.4 89.6
Average Frame Rate (FPS) 52.1 58.3
Action Recognition Accuracy (%) 86.7 92.8

As seen in Table 3, After optimization, the system's performance improved significantly. The
average response time decreased by 29.2%, from 243ms to 172ms. Click accuracy increased from 84.2%
to 91.5%, and interface interaction delay dropped from 131ms to 78ms. User satisfaction rose from 3.2
to 4.4, and error rate reduced from 6.5% to 3.1%. The session success rate improved to 89.6%, and
action recognition accuracy increased to 92.8%, demonstrating the effectiveness of behavior modeling
for optimization. See Figure 2 for details.

System Performance Before and After Optimization

Metric Value

Figure 2. System Performance Before and After Optimization.

6. Conclusion

In this paper, we conduct a systematic research on player behavior modeling and interaction
system optimization, construct a time-series modeling framework based on BiLSTM-Attention
structure, and design an optimization strategy for the interaction mechanism to enhance the
responsiveness and adaptability of the game experience. The experimental results verify the effective
improvement of the proposed method in multiple dimensions such as accuracy, response speed, and
user satisfaction. Future work can further integrate multimodal sensory signals, such as speech, facial
expression and eye movement trajectory, to achieve higher accuracy behavior recognition and
contextual response, and explore real-time reasoning capabilities and resource scheduling strategies
under cross-platform deployment.
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