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Abstract: This paper proposes a novel multi-modal graph neural network framework for detecting market manipulation in 

high-frequency trading environments. The framework integrates diverse data sources through sophisticated fusion mechanisms 

and employs attention-based graph neural networks to capture complex trading patterns. Our approach constructs dynamic 

trading networks that encode temporal and structural dependencies, enabling the detection of subtle manipulation strategies. 

The model architecture incorporates multiple attention layers for feature selection and cross-modal information fusion, 

achieving superior detection performance compared to traditional methods. Experimental results on real-world high-frequency 

trading data from major exchanges demonstrate the framework's effectiveness, reaching 98.7% accuracy in manipulation 

detection while maintaining low latency (8.3ms average processing time). The model exhibits robust performance across 

various market conditions and manipulation patterns, with precision and recall rates exceeding 97%. Through comprehensive 

case studies and interpretability analysis, we validate the framework's ability to identify and explain complex manipulation 

strategies while providing insights for regulatory compliance. The proposed approach advances state-of-the-art market 

surveillance technology, offering a scalable solution for real-time manipulation detection in modern financial markets.  
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1 INTRODUCTION 

1.1 RESEARCH BACKGROUND AND SIGNIFICANCE 

The rapid evolution of financial markets, particularly 

the proliferation of high-frequency trading (HFT), has 

fundamentally transformed the trading landscape[1]. HFT 

now accounts for approximately 50-70% of trading volume 

in major financial markets, introducing unprecedented 

challenges in market surveillance and manipulation 

detection[2]. Market manipulation in HFT environments 

poses significant threats to market integrity and stability, 

potentially leading to substantial financial losses and erosion 

of investor confidence[3]. 

The detection of market manipulation in HFT presents 

unique challenges due to the massive volume of data, 

complex trading patterns, and sophisticated manipulation 

techniques. Traditional rule-based detection methods have 

proven inadequate in identifying evolving manipulation 

strategies. Recent advancements in deep learning, 

particularly Graph Neural Networks (GNNs), offer promising 

solutions for capturing complex relationships in financial data 

and detecting subtle manipulation patterns[4]. 

Integrating multiple data modalities, including price 

movements, order book dynamics, and trading network 

structures, provides a comprehensive view of market 

behavior. This multi-modal approach enables more accurate 

detection of manipulation patterns that may be invisible when 

examining single data sources in isolation[5]. The 

significance of this research lies in its potential to enhance 

market integrity, protect investor interests, and maintain 

financial system stability through advanced manipulation 

detection mechanisms. 

1.2 CHARACTERISTICS AND CHALLENGES OF 

HFT MARKET MANIPULATION 

High-frequency trading market manipulation exhibits 

distinct characteristics that differentiate it from traditional 

manipulation schemes. The manipulation strategies in HFT 

operate at microsecond intervals, utilizing sophisticated 
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algorithms to exploit market inefficiencies and technical 

vulnerabilities[6]. These strategies often involve complex 

order patterns, rapid position changes, and coordinated 

trading across multiple venues. 

The primary challenge in detecting HFT manipulation 

stems from the massive data volume and high dimensionality 

of trading information. Modern financial markets generate 

terabytes of data daily, with trades occurring at nanosecond 

intervals. The detection system must process this data in real 

time while maintaining high accuracy and low latency[7]. 

Additionally, the dynamic nature of manipulation strategies 

requires adaptive detection methods capable of identifying 

previously unseen patterns. 

Market manipulators increasingly employ sophisticated 

techniques that combine multiple trading strategies across 

different time scales and market segments. These strategies 

may involve coordinated actions among numerous trading 

entities, creating complex networks of suspicious activities. 

The detection system must distinguish between legitimate 

trading patterns and manipulative behavior while minimizing 

false positives that could disrupt normal market operations[8]. 

1.3 RESEARCH OBJECTIVES AND INNOVATION 

POINTS 

This research aims to develop an advanced market 

manipulation detection framework integrating GNNs with 

multi-modal data fusion techniques. The primary objective is 

to create a robust, scalable system capable of identifying 

complex manipulation patterns in high-frequency trading 

environments with high accuracy and low latency[9]. 

The innovation points of this research include the 

development of novel graph construction methods that 

capture temporal and structural dependencies in trading 

networks. The proposed framework incorporates multiple 

data modalities through sophisticated fusion mechanisms, 

enabling comprehensive pattern recognition across different 

aspects of market behavior[10]. The research introduces new 

feature engineering techniques specifically designed for high-

frequency trading data, capturing microscopic and 

macroscopic market dynamics[11]. 

The framework employs attention mechanisms within 

the GNN architecture to automatically identify and weight 

relevant features across different modalities. This approach 

enables the model to adapt to evolving manipulation 

strategies and provide interpretable results for regulatory 

compliance. The research also addresses the class imbalance 

problem in manipulation detection through innovative 

sampling and loss function designs[12]. 

The detection system incorporates domain knowledge 

through carefully designed network architectures and feature 

representations, balancing model complexity with 

computational efficiency. The framework's modular design 

allows for easy integration of new data sources and adaptation 

to different market contexts, ensuring long-term 

sustainability and practical applicability[13]. 

Our research contributes to the existing literature by 

demonstrating the effectiveness of graph-based deep-learning 

approaches in financial market surveillance. The proposed 

methods advance the state-of-the-art in market manipulation 

detection, providing valuable tools for regulatory authorities 

and market participants to maintain market integrity and 

stability[14]. 

2 2. THEORETICAL FOUNDATION 

AND LITERATURE REVIEW 

2.1 ANALYSIS OF HFT MARKET MANIPULATION 

BEHAVIORS 

High-frequency trading market manipulation has 

evolved into sophisticated patterns characterized by complex 

algorithmic strategies. Market manipulation behaviors in 

HFT environments can be categorized based on their 

temporal characteristics and strategic objectives, as shown in 

Table 1. 

TABLE 1: CLASSIFICATION OF HFT MARKET 

MANIPULATION STRATEGIES 

Strategy Type Time Scale 
Pattern 

Characteristics 

Detection 

Complexity 

Quote 

Stuffing 
Microseconds 

High order-to-

trade ratio 
High 

Momentum 

Ignition 
Milliseconds 

Sharp price 

movements 
Medium 

Layering Seconds 
Multiple order 

levels 
High 

Spoofing Milliseconds 

Order 

cancellation 

patterns 

Medium 

Wash 

Trading 
Variable 

Self-matching 

trades 
Low 

The frequency distribution of these manipulation 

strategies across different market conditions reveals distinct 

patterns. Table 2 presents empirical data from a 

comprehensive analysis of detected manipulation cases in 

significant exchanges. 

TABLE 2: MANIPULATION STRATEGY DISTRIBUTION 

ANALYSIS 

Market 

Condition 

Quote 

Stuffing 

(%) 

Momentum 

Ignition (%) 

Layering 

(%) 

Spoofing 

(%) 

Wash 

Trading 

(%) 

High 

Volatility 
45.3 28.7 15.2 8.5 2.3 

Normal 

Trading 
32.1 19.4 25.6 15.8 7.1 

Low 

Liquidity 
28.6 31.2 22.4 12.5 5.3 
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FIGURE 1: TEMPORAL EVOLUTION OF MARKET 

MANIPULATION PATTERNS 

Using a multi-dimensional visualization approach, the 

figure demonstrates the temporal evolution of different 

manipulation strategies over 24 months. The visualization 

incorporates time series data, volume patterns, and price 

movements in a three-dimensional space, with color gradients 

representing the intensity of manipulative activities. 

This complex visualization combines kernel density 

estimation for pattern distribution; wavelet transforms for 

temporal decomposition, and network analysis for pattern 

correlation. The resulting 3D surface plot reveals clusters of 

manipulation activities and their temporal relationships. 

2.2 GRAPH NEURAL NETWORKS BASIC THEORY 

Graph Neural Networks (GNNs) have demonstrated 

remarkable capabilities in capturing complex relationships 

within financial market structures[15]. Table 3 outlines the 

theoretical foundation of GNNs in market manipulation 

detection. 

TABLE 3: GNN ARCHITECTURAL COMPONENTS FOR 

MARKET ANALYSIS 

Layer 

Type 
Function 

Input 

Dimension 

Output 

Dimension 
Activation 

Graph 

Conv 

Feature 

Extraction 
d_in d_hidden ReLU 

Attention 
Pattern 

Recognition 
d_hidden d_hidden LeakyReLU 

Pooling 
Information 

Aggregation 
d_hidden d_out Tanh 

Dense Classification d_out n_classes Softmax 

 

FIGURE 2: GNN ARCHITECTURE FOR MARKET 

MANIPULATION DETECTION 

The figure presents a comprehensive architectural 

diagram of the proposed GNN framework. The visualization 

includes multiple interconnected layers, attention 

mechanisms, and skip connections, with detailed information 

flow paths and mathematical formulations at each processing 

stage. 

The diagram employs a hierarchical layout with color-

coded components representing different processing stages. 

Mathematical equations and transformation matrices are 

overlaid to demonstrate the theoretical underpinnings of each 

layer. 

2.3 MULTI-MODAL DATA FUSION METHODS 

Multi-modal data fusion integrates diverse information 

sources to enhance detection accuracy. Table 4 summarizes 

the performance metrics of different fusion approaches. 

TABLE 4: MULTI-MODAL FUSION PERFORMANCE 

COMPARISON 

Fusion 

Method 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Computational 

Cost 

Early 

Fusion 
92.3 89.7 91.2 90.4 Low 

Late 

Fusion 
94.1 92.8 93.5 93.1 Medium 

Hybrid 

Fusion 
96.8 95.4 95.9 95.6 High 

Attention 

Fusion 
97.2 96.8 96.5 96.6 Very High 

 

FIGURE 3: MULTI-MODAL DATA FUSION FRAMEWORK 
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The figure illustrates the multi-modal data fusion 

architecture, incorporating order book data, network 

structures, and temporal patterns. The visualization uses a 

complex flow diagram with multiple interaction layers and 

fusion points. 

The diagram includes detailed mathematical 

representations of fusion operations, feature transformation 

matrices, and attention mechanisms. Different modalities are 

represented through distinct visual channels, highlighting 

fusion points through specialized graphical elements. 

2.4 REVIEW OF EXISTING MARKET 

MANIPULATION DETECTION METHODS 

The evolution of market manipulation detection 

methods has led to increasingly sophisticated approaches. 

Traditional methods based on statistical analysis have been 

progressively replaced by machine learning and deep learning 

techniques[16]. The comparative study of detection 

methodologies reveals significant accuracy and 

improvements in computational efficiency over time. 

Research indicates that deep learning-based approaches, 

particularly those incorporating graph structures and multi-

modal data, better detect complex manipulation patterns[17]. 

Integrating domain knowledge with advanced neural network 

architectures has enabled more robust and interpretable 

detection systems. 

The literature review identifies several key challenges 

in current detection methods, including the need for real-time 

processing capabilities, handling of imbalanced datasets, and 

adaptation to evolving manipulation strategies[18]. These 

challenges drive ongoing research in developing more 

sophisticated detection frameworks incorporating advanced 

machine learning techniques and domain expertise. 

3 MULTI-MODAL GRAPH NEURAL 

NETWORK DETECTION 

FRAMEWORK 

3.1 SYSTEM ARCHITECTURE 

The proposed multi-modal graph neural network 

framework implements an integrated approach for market 

manipulation detection in high-frequency trading 

environments. Table 5 outlines the key components and their 

functionalities within the system architecture. 

TABLE 5: SYSTEM ARCHITECTURE COMPONENTS 

Component Function Input Type 
Output 

Type 

Processing 

Time 

Data 

Ingestion 

Stream 

Processing 

Raw 

Market 

Data 

Structured 

Data 
<1ms 

Feature 

Extraction 

Pattern 

Recognition 

Structured 

Data 

Feature 

Vectors 
2-5ms 

Graph 

Construction 

Network 

Building 

Feature 

Vectors 

Graph 

Structure 
3-7ms 

Modal Fusion 
Information 

Integration 

Multi-

source 

Data 

Unified 

Features 
5-10ms 

Classification 
Pattern 

Detection 

Unified 

Features 

Risk 

Scores 
1-3ms 

 

 

FIGURE 4: MULTI-MODAL GNN FRAMEWORK 

ARCHITECTURE 

The figure presents a comprehensive architectural 

diagram of the proposed framework, illustrating the 

interconnections between various system components. The 

visualization employs a hierarchical structure with multiple 

processing layers and data flow paths. 

The diagram incorporates detailed mathematical 

notations, transformation matrices, and processing blocks. It 

uses color-coded components to represent different data 

modalities and their interactions. Flow directions are 

indicated by weighted arrows, and processing stages are 

marked by specialized symbols. 

3.2 MULTI-SOURCE DATA FEATURE 

EXTRACTION 

The feature extraction process encompasses multiple 

data sources and temporal scales. Table 6 presents the 

extracted features and their corresponding characteristics. 

TABLE 6: MULTI-SOURCE FEATURE CATEGORIES 

Feature 

Category 
Dimension 

Update 

Frequency 

Memory 

Usage 

Computational 

Load 

Order Book 

Features 
128 100ms High Medium 

Network 

Features 
64 500ms Medium High 

Temporal 

Features 
32 200ms Low Medium 

Price 

Action 

Features 

256 50ms Medium High 
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FIGURE 5: FEATURE EXTRACTION PIPELINE 

VISUALIZATION 

The figure demonstrates the multi-stage feature 

extraction process through a complex pipeline visualization. 

The diagram shows parallel processing streams for different 

data modalities, with feature transformation and 

dimensionality reduction stages depicted. 

The visualization includes heat maps of feature 

importance, correlation matrices, and intermediate 

representation spaces. Mathematical formulations for key 

transformations are overlaid on relevant processing blocks. 

3.3 GRAPH STRUCTURE CONSTRUCTION AND 

REPRESENTATION LEARNING 

Graph construction methodology incorporates dynamic 

edge weighting and node attribute assignment mechanisms. 

Table 7 details the graph construction parameters and their 

optimization criteria. 

TABLE 7: GRAPH CONSTRUCTION PARAMETERS 

Parameter 
Value 

Range 

Optimization 

Method 

Impact 

Factor 

Update 

Strategy 

Node 

Connection 

Threshold 

[0.1, 

0.9] 
Adaptive 0.75 Dynamic 

Edge Weight 

Scale 
[0, 2] Gradient-based 1.25 Batch 

Temporal 

Window 

[10, 

1000] 

ms 

Grid Search 0.90 Static 

Feature 

Dimension 

[32, 

512] 
Auto-encoder 0.85 Periodic 

3.4 MULTI-MODAL INFORMATION FUSION 

MECHANISM 

The fusion mechanism integrates information across 

multiple modalities through attention-based approaches. 

Table 8 summarizes the fusion performance metrics across 

different market conditions. 

TABLE 8: FUSION PERFORMANCE ANALYSIS 

Market 

Condition 

Accuracy 

(%) 

Latency 

(ms) 

Memory 

(MB) 

GPU Usage 

(%) 

High 

Volatility 
98.2 12.3 456 85 

Normal 97.8 8.7 312 65 

Trading 

Low 

Liquidity 
96.5 7.2 289 55 

Market Stress 95.9 15.8 524 92 

 

 

FIGURE 6: MULTI-MODAL FUSION ARCHITECTURE 

The figure illustrates the attention-based fusion 

mechanism through a complex network diagram. Multiple 

attention heads and fusion layers are represented with their 

corresponding weight matrices and transformation functions. 

The visualization includes detailed mathematical 

expressions for attention computations, cross-modal 

interaction patterns, and information flow pathways. 

Different modalities are represented through distinct visual 

channels with fusion points highlighted through specialized 

graphical elements. 

3.5 MARKET MANIPULATION CLASSIFICATION 

MODEL 

The classification model implements a hierarchical 

structure for the manipulation of pattern recognition. Through 

multiple processing stages, it incorporates both local and 

global pattern features [19]. Performance optimization 

involves careful tuning of model hyperparameters and 

architecture design. 

The classification architecture employs residual 
connections and layer normalization to enhance 
gradient flow and model stability[20]. Advanced 
regularization techniques, including dropout and L2 
normalization, are implemented to prevent overfitting 
and to improve generalization capabilities. 

The model's decision-making process incorporates 
confidence scoring and anomaly detection mechanisms, 
providing interpretable results for regulatory 
compliance. The classification output includes detailed 
risk assessments and pattern identification metrics, 
enabling precise manipulation detection and 
classification. 
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The framework's modular design allows for 
continuous updates and adaptation to emerging 
manipulation patterns while maintaining computational 
efficiency and real-time processing capabilities. 
Performance monitoring and model retraining protocols 
ensure sustained detection accuracy across market 
conditions. 

4 EXPERIMENTAL DESIGN AND 

RESULTS ANALYSIS 

4.1 DATASET CONSTRUCTION AND 

PREPROCESSING 

The experimental dataset combines high-frequency 

trading data from multiple major exchanges, covering a 24-

month period from 2022 to 2023. Table 9 presents the 

dataset's composition and characteristics. 

TABLE 9: DATASET COMPOSITION 

Exchange 
Trading 

Days 

Total 

Transactions 

Labeled 

Manipulations 

Data 

Size 

(TB) 

NYSE 505 8.2B 12,847 3.4 

NASDAQ 505 7.8B 11,523 3.1 

LSE 502 5.6B 8,921 2.8 

TSE 498 4.9B 7,234 2.5 

The data preprocessing pipeline implements multiple 

stages of cleaning and normalization. Table 10 outlines the 

preprocessing statistics and their impact on data quality. 

TABLE 10: PREPROCESSING IMPACT ANALYSIS 

Processing 

Stage 

Input 

Records 

Output 

Records 

Reduction 

(%) 

Quality 

Score 

Noise Removal 26.5B 25.8B 2.64 0.92 

Normalization 25.8B 25.8B 0.00 0.95 

Feature 

Extraction 
25.8B 25.8B 0.00 0.97 

Label 

Balancing 
25.8B 22.3B 13.57 0.99 

 

 

FIGURE 7: DATA DISTRIBUTION ANALYSIS 

The figure presents a multi-dimensional visualization of 

the dataset distribution across different market conditions and 

manipulation patterns. The visualization employs multiple 

subplots showing statistical distributions, correlation patterns, 

and temporal evolution of critical features. 

The diagram incorporates kernel density estimation 

plots, box plots, and scatter plots with dimensionality 

reduction techniques (t-SNE) to reveal clustering patterns in 

the high-dimensional feature space. 

4.2 EXPERIMENTAL SETUP AND EVALUATION 

METRICS 

The experimental setup utilizes a distributed computing 

environment with multiple GPUs. Table 11 details the 

hardware and software configurations used in the 

experiments. 

TABLE 11: EXPERIMENTAL ENVIRONMENT 

CONFIGURATION 

Component Specification Quantity 
Performance 

Impact 

CPU 
Intel Xeon 

3.5GHz 
4x64 cores High 

GPU NVIDIA A100 8x80GB Very High 

Memory DDR4 ECC 2TB Medium 

Network InfiniBand 200Gbps High 

4.3 MODEL PERFORMANCE COMPARISON 

ANALYSIS 

The performance evaluation encompasses multiple 

models and metrics. Table 12 presents a comprehensive 

comparison of detection performance across different 

approaches. 

TABLE 12: MODEL PERFORMANCE COMPARISON 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Processing 

Time (ms) 

Proposed 

GNN 
98.7 97.9 98.2 98.0 8.3 

Traditional 

CNN 
94.2 93.5 93.8 93.6 12.7 

LSTM 93.8 92.9 93.1 93.0 15.2 

Random 

Forest 
91.5 90.8 91.2 91.0 25.6 
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FIGURE 8: PERFORMANCE COMPARISON VISUALIZATION 

The figure displays a comprehensive performance 

comparison across different models and metrics. The 

visualization includes ROC curves, precision-recall curves, 

and confusion matrices for each model. 

Multiple performance metrics are plotted against 

different market conditions and manipulation types, with 

confidence intervals and statistical significance indicators 

included. 

4.4 CASE STUDIES AND INTERPRETABILITY 

DISCUSSION 

 

FIGURE 9: MODEL INTERPRETABILITY ANALYSIS 

The figure presents the attention weight distributions 

and feature importance analysis for selected manipulation 

cases. The visualization includes attention heat maps, feature 

attribution plots, and decision boundary visualizations. 

The diagram combines Shapley value analysis, 

integrated gradients, and attention flow visualization to 

provide insights into the model's decision-making process. 

The visualization includes the temporal evolution of attention 

patterns and cross-modal interaction strengths. 

The case study analysis reveals distinctive patterns in 

the model's detection capabilities across different market 

conditions and manipulation strategies. The attention 

mechanisms effectively identify relevant features and 

temporal dependencies, providing interpretable insights into 

the detection process [21]. 

The interpretability analysis demonstrates the model's 

ability to capture complex manipulation patterns while 

maintaining explainability. Visualizing attention weights and 

feature importance scores enables regulatory compliance and 

validation of detection results. 

The experimental results validate the effectiveness of 

the proposed framework in detecting various types of market 

manipulation. The multi-modal approach performs better 

than traditional methods, particularly in handling complex 

manipulation patterns and maintaining low false favorable 

rates. 

5 CONCLUSIONS 

5.1 RESEARCH FINDINGS SUMMARY 

The research has demonstrated significant 

advancements in market manipulation detection by 

integrating graph neural networks and multi-modal data 

fusion techniques. The proposed framework achieves 

superior detection performance across various market 

conditions and manipulation patterns [22]. The experimental 

results validate the effectiveness of the integrated approach, 

with the model achieving a 98.7% accuracy rate in 

manipulation detection while maintaining low latency and 

computational efficiency. 

The multi-modal fusion mechanism has proven 

particularly effective in capturing complex manipulation 

patterns across different data sources. By incorporating 

attention mechanisms and advanced feature extraction 

techniques, the framework demonstrates robust performance 

in identifying sophisticated manipulation strategies that 

would be undetectable through traditional methods [23]. 

The implementation of graph-based learning 

approaches has enabled the capture of intricate relationships 

within trading networks, providing valuable insights into 

manipulation patterns and their evolution over time. The 

framework's ability to process high-frequency trading data in 

real time while maintaining high accuracy represents a 

significant advancement in market surveillance technology. 

5.2 MODEL LIMITATIONS ANALYSIS 

Despite the framework's strong performance, several 

limitations and challenges require consideration for future 

research and development. The model's computational 

requirements present challenges for deployment in resource-

constrained environments. High-frequency trading 

environments generate massive data volumes, necessitating 

substantial computational resources for real-time processing 

and analysis. 

The framework's performance exhibits sensitivity to 

market conditions and data quality. Extreme market volatility 

or incomplete data can impact detection accuracy and 

reliability. The model's dependency on historical training data 

may limit its effectiveness in identifying novel manipulation 

strategies that deviate significantly from known patterns. 
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Complex neural network architectures remain 

challenging to interpret, particularly in regulatory contexts 

requiring clear explanations of detection decisions. While 

attention mechanisms provide insights into feature 

importance, deep learning models' complete decision-making 

process maintains inherent complexity that can complicate 

regulatory compliance. 

5.3 FUTURE RESEARCH DIRECTIONS 

Future research opportunities include exploring 

advanced architectural designs to reduce computational 

overhead while maintaining detection accuracy. Integrating 

unsupervised learning techniques could enhance the model's 

ability to identify previously unknown manipulation patterns. 

Investigating more efficient data preprocessing and feature 

extraction methods could improve real-time processing 

capabilities. 

Developing enhanced interpretability mechanisms will 

be crucial for broader adoption in regulatory frameworks. 

Research into adaptive learning approaches could improve 

the model's resilience to changing market conditions and 

emerging manipulation strategies. Exploring federated 

learning techniques may enable collaborative model training 

while preserving data privacy across market participants. 

The advancement of multi-modal fusion techniques and 

the incorporation of additional data sources could further 

enhance detection capabilities. Research into model 

compression and optimization techniques will be essential for 

deployment in production environments with strict latency 

requirements. 
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