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Abstract

The automated analysis of pool game videos presents significant challenges due to complex
object interactions, precise rule requirements, and event-driven game dynamics that tradi-
tional computer vision approaches struggle to address effectively. This research introduces
TCGA-Pool, a novel video analytics framework specifically designed for comprehensive
9-ball pool game understanding through advanced object attention mechanisms and tem-
poral context modeling. Our approach addresses the critical gap in automated cue sports
analysis by focusing on three essential classification tasks: Clear shot detection (successful
ball potting without fouls), win condition identification (game-ending scenarios), and
potted balls counting (accurate enumeration of successfully pocketed balls). The proposed
framework leverages a Temporal Context Gated Attention (TCGA) mechanism that dy-
namically focuses on salient game elements while incorporating sequential dependencies
inherent in pool game sequences. Through comprehensive evaluation on a dataset com-
prising 58,078 annotated video frames from diverse 9-ball pool scenarios, our TCGA-Pool
framework demonstrates substantial improvements over existing video analysis methods,
achieving accuracy gains of 4.7%, 3.2%, and 6.2% for clear shot detection, win condition
identification, and potted ball counting tasks, respectively. The framework maintains
computational efficiency with only 27.3 M parameters and 13.9 G FLOPs, making it suitable
for real-time applications. Our contributions include the introduction of domain-specific
object attention mechanisms, the development of adaptive temporal modeling strategies
for cue sports, and the implementation of a practical real-time system for automated pool
game monitoring. This work establishes a foundation for intelligent sports analytics in
precision-based games and demonstrates the effectiveness of specialized deep learning
approaches for complex temporal video understanding tasks.

Keywords: video analytics; pool game; object attention; frame classification; sports
video analysis

1. Introduction
1.1. Problem Statement and Motivation

The proliferation of video content and advances in computer vision have opened
new frontiers for automated sports analysis, presenting both opportunities and challenges
for understanding complex game dynamics [1]. Among various sports domains, cue
sports such as pool, billiards, and snooker represent particularly challenging scenarios for
automated analysis due to the intricate rules, fast-paced ball movements, and the need
for precise event detection [2,3]. The fundamental problem addressed in this research is
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the lack of specialized video analytics frameworks capable of accurately understanding
and analyzing 9-ball pool game sequences in real-time, which limits the development of
automated coaching systems, performance analytics, and interactive gaming applications.

Pool games, particularly 9-ball pool, present unique analytical challenges that distin-
guish them from conventional sports video analysis. The game requires tracking multiple
small objects (balls) simultaneously, understanding complex collision dynamics, and recog-
nizing subtle game state transitions that determine critical events such as successful shots,
fouls, and game ending conditions [4,5]. Traditional computer vision approaches often
struggle with these requirements due to occlusion issues, varying lighting conditions, and
the need for temporal context to understand game progression [6,7].

Recent developments in Multimodal Large Language Models (MLLMs) have demon-
strated remarkable capabilities in video understanding tasks, ranging from action recog-
nition to temporal event localization [8,9]. However, the existing general-purpose video
analysis methods fail to address the unique challenges of pool game analysis, including
(1) the need to track multiple small, similar objects (balls) simultaneously under varying
lighting conditions, (2) understanding complex collision dynamics and occlusion patterns
during ball interactions, (3) recognizing subtle game state transitions that determine critical
events such as successful shots and fouls, and (4) processing temporal sequences with
event-driven importance patterns rather than uniform temporal significance [4–7].

The emergence of attention mechanisms in deep learning has revolutionized how
models process and understand visual information, particularly in scenarios requiring
selective focus on relevant features [10,11]. Object attention mechanisms have shown
promise in sports video analysis, enabling models to automatically identify and track
salient elements while filtering out irrelevant background information [12,13]. However,
the existing attention-based approaches have not been specifically tailored for the unique
characteristics of pool game analysis.

In this work, we address the challenge of automated pool game understanding through
the development of TCGA-Pool, a novel video analytics framework that combines ob-
ject attention mechanisms with temporal context modeling. Our approach focuses on
three critical classification tasks: identifying clear shots (successful ball potting without
fouls), win conditions (game-ending scenarios), and potted balls detection (accurate count-
ing and identification of successfully pocketed balls).

The primary contributions of this research are threefold. First, we introduce the
Temporal Context-Gated Attention (TCGA) mechanism, specifically designed to capture
the temporal dependencies inherent in pool game sequences while maintaining focus
on relevant objects within each frame. Second, we demonstrate the effectiveness of our
approach through comprehensive evaluation of 9-ball pool game videos, showing superior
performance compared to existing video analysis methods. Third, we present the design
and implementation of a real-time system application that demonstrates the practical
applicability of our approach for automated pool game monitoring and event logging.

Our work represents a significant step forward in specialized sports video analysis,
providing a foundation for more sophisticated pool game understanding. The proposed
methodology not only advances the state of the art in cue sports analysis but also offers
insights into the broader application of attention-based models for complex temporal video
understanding tasks. By bridging the gap between general video analysis techniques and
domain-specific requirements, this research work opens new possibilities for automated
sports coaching, competitive analysis, and interactive gaming applications [12,14].
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1.2. Research Scope and Objectives

The focus of this research project is specifically on 9-ball pool game analysis, ad-
dressing three critical classification tasks that are fundamental to comprehensive game
understanding: Clear shot detection: identifying successful ball potting events without
rule violations. win condition identification: recognizing game-ending scenarios and vic-
tory conditions. Potted ball counting: accurate enumeration and tracking of successfully
pocketed balls.

The scope of this work encompasses the development of specialized deep learning
architectures, comprehensive evaluation methodologies, and practical implementation
strategies for real-time pool game analysis systems.

2. Related Work
This section provides a comprehensive overview of the existing literature related to our

work, organized into four key areas: general sports video analysis, attention mechanisms
in computer vision, cue sports analysis, and temporal modeling in video understanding.

Sports video analysis has emerged as a prominent research domain within computer
vision, driven by the increasing availability of high-quality video content and the commer-
cial value of automated sports analytics [1]. Early approaches primarily focused on basic
event detection and player tracking using traditional computer vision techniques [15,16].
These methods typically relied on hand-crafted features and domain-specific heuristics,
limiting their generalizability across different sports.

The advent of deep learning has significantly transformed sports video analysis ca-
pabilities. Karpathy et al. [17] demonstrated the effectiveness of convolutional neural
networks (CNNs) for large-scale video classification, laying the groundwork for more so-
phisticated sports analysis systems. Subsequently, researchers have developed specialized
architectures for various sports domains, including soccer [18,19], basketball [20,21], and
tennis [22,23]. A key challenge in sports video analysis is the need to understand both
spatial and temporal relationships within video sequences. Two-stream networks [24]
addressed this by separately processing spatial and temporal information, while 3D
CNNs [25,26] provided a unified framework for spatiotemporal feature learning. More
recently, Transformer-based architectures have shown promising results in sports video
understanding, with models like Video Transformer [27] and TimeSformer [27] achieving
the state-of-the-art performance on various sports datasets.

Attention mechanisms in Computer Vision Attention mechanisms have revolutionized
computer vision by enabling models to selectively focus on relevant visual information
while suppressing irrelevant details [10]. In the context of video analysis, attention has
been applied at multiple levels: spatial attention for focusing on important regions within
frames [11], temporal attention for emphasizing critical time steps [28], and channel atten-
tion for selecting informative feature dimensions [29].

Spatial attention mechanisms have proven particularly elective in sports video anal-
ysis, where the focus often needs to be on specific players, objects, or field regions. The
Convolutional Block Attention Module (CBAM) [30] combines spatial and channel atten-
tion to enhance feature representations. Similarly, the Spatial Transformer Network [31]
enables learnable spatial transformations that can automatically crop and focus on relevant
image regions.

Object attention, a specialized form of spatial attention, has gained increasing im-
portance in sports analysis where tracking specific objects (balls, equipment, players) is
crucial [13]. Recent work has explored self-attention mechanisms for object tracking [32]
and cross-attention for multi-object interaction modeling [33]. However, most existing at-
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tention mechanisms are designed for general-purpose applications and may not adequately
capture the specific attention patterns required for cue sports analysis.

Computer vision applications in cue sports represent a specialized but growing area
of research. Early work focused on basic ball detection and tracking using traditional
computer vision techniques [5,34]. These approaches typically employed color-based
segmentation and Hough transforms for circle detection, but suffered from robustness
issues under varying lighting conditions and complex backgrounds.

More recent advances have leveraged deep learning for improved accuracy and relia-
bility. Siddiqui and Ahmad [3] proposed an automated billiard ball tracking system using
YOLO-based object detection combined with Kalman filtering for temporal consistency.
Kim et al. [2] developed a comprehensive framework for billiard ball detection and track-
ing, incorporating physics-based trajectory prediction to handle occlusions and improve
tracking accuracy.

Pool-specific analysis has received less attention compared to other billiard sports.
Huang et al. [4] presented one of the few comprehensive studies on pool game analysis,
focusing on shot classification and outcome prediction. However, the approach was
limited to simple scenarios and did not address the temporal complexity of complete game
sequences. Similarly, Chen and Liu [35] developed a system for automatic pool scoring but
focused primarily on ball counting rather than comprehensive game state understanding.

The unique challenges of pool game analysis include (1) the need to track multiple
small, similar-looking objects simultaneously, (2) handling complex occlusions during ball
collisions, (3) understanding game rules and state transitions, and (4) real-time processing
requirements for live applications. These challenges necessitate specialized approaches that
go beyond general sports video analysis techniques. Understanding temporal relationships
is fundamental to video analysis, particularly in sports where events unfold over time
and context from previous frames is crucial for accurate interpretation [36]. Traditional
approaches to temporal modeling include Recurrent Neural Networks (RNNs) and Long
Short-Term Memory (LSTM) networks [37], which can capture sequential dependencies
but suffer from gradient vanishing problems in long sequences.

More recent approaches have explored alternative temporal modeling strategies. Tem-
poral Shift Modules [38] provide an efficient way to model temporal relationships by
shifting feature channels across time dimensions. SlowFast networks [36] make use of
dual-pathway architectures to capture both slow semantic changes and fast motion pat-
terns. Non-local networks [11] compute attention weights across all spatial and temporal
positions, enabling long-range dependency modeling.

Transformer-based architectures have also been adapted for temporal video modeling.
The Video Vision Transformer (ViViT) [39] extends the Vision Transformer to video by
modeling spatial and temporal tokens jointly. The Temporal Segment Networks (TSNs) [40]
sample sparse temporal segments to reduce computational complexity while maintaining
temporal understanding.

In the context of sports video analysis, temporal modeling is particularly important
for understanding game flow, predicting outcomes, and detecting complex events that
span multiple frames. However, the existing temporal modeling approaches often assume
uniform importance across time steps, which may not be optimal for sports scenarios where
a number of moments (e.g., critical plays, scoring events) are significantly more important
than others.

While significant progress has been made in sports video analysis, a few gaps remain in
the current literature. First, the existing work focuses on popular team sports, with limited
attention to cue sports like pool and billiards. Second, the existing attention mechanisms
are typically designed for general-purpose applications and may not capture the specific
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attention patterns required for understanding complex object interactions in cue sports.
Third, temporal modeling approaches often treat all time steps equally, failing to adapt to
the event-driven nature of sports where the moments carry disproportionate importance.

Our work addresses these gaps by introducing a specialized framework for pool
game analysis that combines object-focused attention with adaptive temporal model-
ing. The proposed TCGA mechanism is specifically designed to handle the unique chal-
lenges of cue sports while providing the temporal context necessary for accurate game
state understanding.

3. Material and Methodology
3.1. Datasets

We constructed a comprehensive dataset of 9-ball pool game videos combining sam-
ples from the billiard benchmark [41] and custom collected footage. The dataset includes
58,078 annotated video frames covering diverse scenarios with varying lighting conditions,
camera angles, and player skill levels. Each frame is meticulously annotated with ground
truth labels for our three target classifications:

Clear shots: 12,847 positive samples, 45,231 negative samples.
Win conditions: 3456 positive samples, 54,622 negative samples.
Potted balls: Multi-class labels with counts ranging from 0 to 9 balls.

The significant imbalance in win conditions data reflects the natural occurrence pattern
in 9-ball pool games, where win conditions represent relatively rare but critical events
compared to regular gameplay moments. This imbalance necessitates specialized training
strategies and evaluation metrics to ensure robust model performance.

3.2. Proposed TCGA-Pool Architecture

The proposed model employs a sequential processing paradigm, designed to capture
both fine-grained, frame-level visual details, and overarching sequence-level temporal
dynamics. As conceptualized in Figure 1, the architecture comprises three principal module
components operating in succession:

(1) Frame Encoder (e): The frame encoder serves as the foundation of our architecture,
transforming input video frames into meaningful feature representations. Formally
defined as ec: R (H×W×Cin) → R(D

M
), the encoder converts an input video frame Fωt

(with height H, width W, and Cin input channels) into a DM-dimensional embedding
vector Mωt.
Architecture Design: The frame encoder utilizes a ResNet-50 backbone pre-trained on
ImageNet, modified with additional convolutional layers for domain-specific feature
extraction. The architecture incorporates multi-resolution feature fusion as shown
in Figure 2, enabling the capture of both local ball details and global table context.
The encoder processes frames independently, generating a sequence of embeddings
M = {Mω1, . . ., MωT} that serve as input to the temporal modeling component.
Feature Extraction Strategy: The encoder implements a hierarchical feature extraction
approach, combining low-level visual features (edges, colors, textures) essential for
ball detection with high-level semantic features necessary for understanding game
context. Batch normalization and dropout layers are incorporated to improve training
stability and generalization performance.

(2) Temporal Context Gated Attention Module (gTCGA): Representing the central inno-
vation of this research, the TCGA module receives the sequence of frame embeddings
(M = {Mω1, . . ., MωT}) from the encoder. It implements a specialized attention mecha-
nism that is concurrently guided and gated by the global temporal context derived
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from the entire sequence. Its primary function is to dynamically focus on the most
informative frames and feature dimensions relevant to the classification objective,
while adaptively modulating the aggregated information based on the holistic context
of the sequence.

(3) Classifier: This terminal component serves as the prediction head. Commonly struc-
tured as one or more fully connected layers culminating in an appropriate activation
function, it accepts the final context-aware representation (Mω final) produced by
the TCGA module and outputs the predicted probability distribution (Yω) over the
target classes.

 

Figure 1. High-level architecture design of the video classification framework.
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Figure 2. First-layer frame encoder with multi-resolution feature fusion.

Input frames are independently processed by a shared frame encoder to generate
embeddings. The sequence of embeddings M is input to the Temporal Context Gated
Attention (gTCGA) module, which computes a single, context-aware final representation
Mω final. This representation is then passed to the Classifier to yield the final prediction.

The entire model is trained end-to-end by minimizing a chosen loss function that
quantifies the discrepancy between the model’s predictions and the ground truth labels.
Gradients are computed via backpropagation through the Classifier, the TCGA module,
and potentially the frame encoder, facilitating joint optimization of all learnable parameters.

The frame encoder, denoted by e: RH → W → Cin → RDM, transforms an input
video frame Fωt (with height H, width W, and Cin input channels) into a DM-dimensional
embedding vector Mωt. The architecture is shown in Figure 2. It extracted frame-level
features and form the foundation for subsequent temporal aggregation by the TCGA module.

This section presents a comprehensive evaluation of our TCGA-Pool framework,
including comparisons with state-of-the-art baselines, ablation studies to validate our
design choices, and analysis of computational efficiency. We evaluate our approach on
three critical classification tasks: clear shot detection, win condition identification, and
potted balls counting.

We build a comprehensive dataset of 9-ball pool game videos from billiard bench-
mark [41] and custom dataset. The dataset includes diverse scenarios with varying lighting
conditions, camera angles, and player skill levels. Each video frame is annotated with
ground truth labels for our three target classifications:

• Clear shots: 12,847 positive samples, 45,231 negative samples.
• Win conditions: 3456 positive samples, 54,622 negative samples.
• Potted balls: Multi-class labels with counts ranging from 0 to 9 balls. The dataset is

split into training (70%), validation (15%), and test (15%) sets, ensuring no overlap
between games across splits to prevent data leakage.

Our TCGA-Pool model is implemented using PyTorch 1.12 and trained on NVIDIA
RTX 3090 GPUs. We use ResNet-50 as the backbone feature extractor, pre-trained on
ImageNet. The temporal window size is set to 16 frames with a stride of 8 frames. Training
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is performed using Adam optimizer with an initial learning rate of 1 × 10−4, batch size
of 8, and cosine annealing learning rate schedule. Data augmentation includes random
horizontal flipping, color jittering, and temporal shifting. The frame encoder backbone
model is shown in Figure 3.

 

Figure 3. Frame encoder backbone model.

4. Results and Evaluation
We evaluate performance by using standard classification metrics:

• Accuracy: Overall classification accuracy.
• Precision, Recall, F1-score: For each class individually.
• Mean Average Precision (mAP): For multi-class scenarios.
• Area Under ROC Curve (AUC): For binary classification tasks.

We compare our TCGA-Pool framework against several baseline methods, including
general video understanding models and sports specific approaches adapted for pool
game analysis.

• TimeSformer: Transformer-based video classification.
• X3D: Efficient video network with progressive expansion.
• TCGA-Pool: Our implementation of a pool-specific CNN baseline.
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The performance of 9-ball pool video classification tasks are shown in Table 1.

Table 1. Performance Comparison on 9-ball Pool Video Classification Tasks.

Method
Clear Shots Win Conditions Potted Balls

Acc Fl AUC Acc Fl AUC Acc mAP Fl

TimeSformer 81.2 78.6 86.9 90.3 84.7 94.1 73.8 72.4 74.9
X3D 79.6 76.8 85.2 88.7 81.9 93.4 70.5 68.9 71.6
TSN 76.4 73.2 83.1 86.9 78.6 90.8 68.3 65.7 69.2
Pool-CNN 82.7 80.1 87.8 91.6 86.2 94.9 75.9 74.1 76.8

TCGA-Pool(ours) 87.4 85.2 92.3 94.8 91.6 97.2 82.1 80.7 83.5

Our TCGA-Pool framework achieves significant improvements across all evaluation
metrics and tasks. Notably, we observe the following:

• Clear Shot Detection: 4.7% accuracy improvement over the best baseline (Pool CNN).
• Win Condition Identification: 3.2% accuracy improvement with substantially better

F1-score.
• Potted Ball Counting: 6.2% accuracy improvement, demonstrating the effectiveness of

our attention mechanism for multi-object scenarios.

We conduct comprehensive ablation studies to validate the effectiveness of each
component in our TCGA-Pool framework. The studies are organized around four key
aspects: attention mechanism design, temporal modeling, architectural choices, and hyper
parameter sensitivity. Table 2 presents the results of systematically removing different
components from our full TCGA-Pool model.

Table 2. Ablation Study on Different Components of TCGA-Pool Framework.

Model Variant Description Accuracy F1-Score AUC

Baseline ResNet-50 + FC layers 75.8 72.1 82.4
Object Attention Add spatial object attention 82.1 79.3 88.6

Temporal Context Add temporal modeling (LSTM) 84.3 81.7 90.1
Gated Mechanism Add gating for attention fusion 86.2 83.9 91.5
Full TCGA-Pool Complete framework 87.4 85.2 92.3

Ablation on Individual Components
TCGA-Pool w/o Object Attention Remove spatial attention 79.6 76.8 85.2

TCGA-Pool w/o Temporal Context Remove temporal marodeling 81.2 78.4 87.9
TCGA-Pool w/o Gated Fusion Remove attention gating 83.7 80.9 89.8

TCGA-Pool w/o Multi-scale Remove multi-scale features 84.9 82.1 90.7

The ablation results demonstrate that each component contributes significantly to
the overall performance. In object attention, it provides 6.3% accuracy improvement
by focusing on relevant game objects. In temporal context, it adds 2.2% accuracy by
incorporating temporal dependencies. In gated mechanism, it contributes 1.9% accuracy
through adaptive attention fusion. In multi-scale features, it improves robustness with 2.5%
accuracy gain. We analyze different attention mechanisms to validate our design choices,
comparing various spatial and temporal attention strategies. They are shown in Table 3.
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Table 3. Comparison of Different Attention Mechanisms for Pool Game Analysis.

Attention Type Accuracy F1-Score Parameters (M)

No Attention 75.8 72.1 23.5
Global Average Pooling 78.2 74.9 23.5
CBAM [30] 81.4 78.6 25.8
Self-Attention 83.1 80.2 28.7
Non-local [11] 83.9 81.1 31.2
SFrNet [29] 80.7 77.8 24.9
Object Attention (Ours) 87.4 85.2 27.3

Our object attention mechanism outperforms the existing attention methods while
maintaining reasonable computational complexity. The key advantage lies in its abil-
ity to focus specifically on game-relevant objects rather than generic spatial patterns.
We explore different architectural choices for the TCGA module, comparing various fu-
sion strategies and gating mechanisms. They are shown in Table 4. The gated fusion
strategy with learnable parameters provides the best balance between performance and
computational efficiency.

Table 4. Comparison of Different TCGA Architectural Variants.

Architecture Variant Accuracy F I-Score AUC FLOPs G

Concatenation Fusion 84.7 81.9 89.8 15.2
Element-wise Addition 85.1 82.3 90.2 12.8
Attention Fusion 86.3 83.7 91.1 14.6
Gated Fusion (Ours) 87.4 85.2 92.3 13.9

Gating Mechanism Variants
Sigmoid Gating 86.8 84.1 91.7 13.9
Tanh Gating 86.2 83.5 91.2 13.9
Learnable Gating (Ours) 87.4 85.2 92.3 13.9
Softmax Gating 86.9 84.3 91.8 13.9

We evaluate the computational efficiency of our TCGA-Pool framework compared to
baseline methods, considering both training and inference requirements. They are shown
in Table 5.

Table 5. Computational efficiency comparison of different methods.

Method Parameters (M) FLOPs (G) Training Time (h) Inference (ms/frame)

3D ResNet-50 46.2 12.1 18.5 28.3
SlowFast 59.9 16.8 24.2 35.7
TimeSformer 121.4 38.5 41.6 67.2
X3D 38.1 9.7 16.3 22.8
TCGA-P001 (Ours) 27.3 13.9 21.7 31.4

Our TCGA-Pool framework achieves superior performance while maintaining compet-
itive computational efficiency. The parameter size is significantly lower than Transformer-
based methods while achieving better accuracy.

5. Discussion
Our experimental results reveal important insights that extend beyond pool game

analysis. The proposed object attention mechanism significantly outperforms general-
purpose attention methods, achieving 87.4% accuracy compared to 83.9% for non-local
attention, demonstrating the value of domain-specific attention design. The incorporation
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of temporal context through our gated mechanism provides substantial performance gains
of 2.2% accuracy improvement, highlighting the critical role of sequential information
in understanding game state transitions. Despite achieving superior performance, our
framework maintains competitive computational efficiency with only 27.3 M parameters
and 13.9 G FLOPs, making it suitable for real-time applications.

The higher accuracy for potted ball counting compared to clear shots and win condi-
tions reflects the nature of these tasks. Potted ball counting primarily requires accurate
object detection and counting, which our object attention mechanism handles effectively.
Clear shot detection and win condition identification require more complex rule under-
standing and temporal reasoning, making them inherently more challenging.

While our approach achieves significant improvements, several limitations warrant
acknowledgment. Performance degradation under extreme lighting conditions and non-
standard camera angles indicates sensitivity to environmental factors. Complex occlu-
sion scenarios, particularly during ball clustering near pockets, remain challenging with
8–12% performance reduction. The framework shows reasonable generalization to related
cue sports but requires further adaptation for optimal cross-domain performance.

Future research directions include incorporating multimodal information such as
audio signals and sensor data to provide richer context for game understanding. Inte-
grating physical laws of ball dynamics into the learning process could improve trajectory
prediction accuracy. Developing frameworks that can learn from human feedback and
adapt to different playing styles would enhance practical utility. Extended temporal
modeling to understand game strategy and player behavior patterns could enable more
sophisticated analytics.

The implications of this work extend into practical domains including sports analytics,
entertainment industry applications, and educational tools for player development. Our
framework enables automated collection of detailed game statistics, providing coaches and
players with objective performance metrics previously requiring manual annotation. The
real-time analysis capabilities open possibilities for enhanced broadcasting experiences and
interactive viewing features.

The success of TCGA-Pool in pool game analysis provides a template for tackling
similar challenges in other precision sports and rule-based activities. By demonstrating that
domain-specific approaches can substantially outperform general-purpose video analysis
methods, our work contributes to the broader vision of intelligent sports analytics systems
that provide real time insights and enhance the overall experience for players, coaches,
and spectators.

Our comprehensive evaluation shows that specialized attention mechanisms and
temporal modeling can effectively address the unique challenges of cue sports understand-
ing. The practical implementation validates the transition from research to application,
and the planned open-source release will facilitate further research in this specialized but
important domain.

6. Conclusions
This paper presents TCGA-Pool, a novel video analytics framework specifically de-

signed for understanding 9-ball pool game sequences through advanced object attention
mechanisms and temporal context modeling. Our work addresses the significant gap in
automated analysis of cue sports, which present unique challenges compared to tradi-
tional team sports due to their complex object interactions, precise rule requirements, and
event-driven nature.

Our research has a few key contributions to the field of sports video analysis and
computer vision. We introduced the Temporal Context Gated Attention (TCGA) mecha-
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nism, which effectively combines spatial object attention with temporal context modeling
specifically tailored for pool game analysis. Our comprehensive evaluation framework
demonstrates significant improvements over existing video analysis methods, with accu-
racy gains of 4.7%, 3.2%, and 6.2% across clear shot detection, win condition identification,
and potted ball counting tasks, respectively.

The computational efficiency of our framework (27.3 M parameters, 13.9 G FLOPs)
makes it suitable for real-time applications, while the specialized attention mechanisms
provide superior performance compared to general-purpose video analysis methods. These
results validate our hypothesis that domain-specific approaches can substantially outper-
form general-purpose solutions for specialized sports analysis tasks.

Our future research directions include incorporating multimodal information, inte-
grating physical dynamics modeling, and extending temporal modeling capabilities for
enhanced game strategy understanding. The planned open-source release will facilitate
further research in this specialized but important domain, contributing to the broader
vision of intelligent sports analytics systems.
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