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Abstract:
The application of multimodal AI in analyzing Counter-
Strike: Global Offensive (CS:GO) matches represents 
an emerging intersection of computer vision, natural 
language processing,  t ime-ser ies  model ing,  and 
reinforcement learning within esports analytics. This 
paper proposes a comprehensive multimodal framework 
that integrates heterogeneous data sources - gameplay 
videos, voice communications, and structured statistics - 
to achieve efficient parsing, feature fusion, tactical pattern 
recognition, and intelligent strategy recommendation. By 
fusing multiple modalities, the system aims to automate 
and optimize tactical decision-making for professional 
teams, significantly improving the efficiency and accuracy 
of traditional manual analysis.
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1. Introduction
CS:GO is a highly tactical first-person shooter es-
ports title that involves complex team coordination, 
economic management, and dynamic strategy adjust-
ments. Traditional professional match analysis relies 
heavily on manual review of demo files, constant 
switching between player perspectives, and statistics 
from platforms such as HLTV, often requiring several 
hours per match [1]. Multimodal AI offers the poten-
tial to deliver real-time insights and recommenda-
tions by fusing visual (video frames), auditory (voice 
communications), and structured (kill/death/economy 
statistics) data.
Previous work in esports analytics has primarily fo-

cused on unimodal or structured-data-based outcome 
prediction [2, 3]. For example, machine learning 
models predict round winners using economic and 
positional features [4], while deep learning approach-
es forecast in-game deaths from telemetry data 
[5]. Multimodal datasets (such as those combining 
physiological, behavioral, and gameplay signals for 
affective analysis [6]) have demonstrated the value 
of fused modalities for performance understanding. 
However, complete multimodal systems for tactical 
mode identification and strategy recommendation 
in CS:GO remain scarce, especially in the domestic 
research context where progress lags behind interna-
tional efforts.
This paper proposes a full analysis pipeline inspired 
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by recent advances in multimodal esports research [8], 
targeting data parsing accuracy >90%, tactical recognition 
accuracy >85%, and simulated win-rate improvement 
≥10%.

2. Related Work
Esports analytics has advanced significantly through ma-
chine learning on structured data. Round and match out-
come prediction models using features such as economy, 
weapons, and player statistics achieve 60–65% accuracy, 
with XGBoost and Random Forest frequently outperform-
ing baselines [2, 4, 9]. Elo-based models reach approxi-
mately 64% accuracy on large datasets [10].
Object detection in gameplay videos supports enemy 
tracking and aim assistance, with YOLO variants trained 
on CS:GO footage enabling real-time detection [11, 12] 
and downstream trajectory analysis [13].
Multimodal approaches are emerging: datasets fuse video, 
audio, physiological signals, and logs for affect or skill as-
sessment [6, 8]. In streaming contexts, multimodal models 
evaluate player skills from video and audio [14]. Time-se-
ries models (e.g., LSTM) predict events such as deaths by 
integrating multiple modalities [5, 15].
Reinforcement learning has been used to optimize strat-
egies in simulated environments [16], yet tactical recom-
mendation in CS:GO that combines multimodal fusion, 
rule-based reasoning, and PPO remains an underexplored 
frontier.

3. Proposed Methodology
The system consists of four core stages: multimodal data 
parsing, feature fusion, tactical pattern recognition, and 
strategy recommendation.

3.1 Data Parsing and Preprocessing
Video: Frames are extracted at 30 fps; an improved 
YOLOv8 model detects players, weapons, bombs, and 
utilities (smokes/flashes), followed by DeepSORT track-
ing. Pixel coordinates are mapped to in-game map posi-
tions via perspective transform (error ≤1–2 m) [11].
Audio: After denoising, Whisper-large transcribes speech 
(accuracy ≥95%); a fine-tuned BERT model performs 
emotion/sentiment classification (calm, tense, directive, 
etc.) [6].
Structured Data: HLTV API provides kill, economy, and 
round-time statistics; derived features such as damage ef-
ficiency and utility usage rate are engineered.

3.2 Multimodal Fusion
Dynamic Time Warping (DTW) aligns modalities to a 1–5 

second granularity to resolve spatiotemporal misalign-
ment; map coordinate mapping handles spatial alignment. 
Fusion employs a Transformer-based cross-attention 
mechanism: ResNet50 (vision), LSTM (audio), and MLP 
(structured) each produce 512-dimensional features; 
cross-modal attention yields 1024-dimensional fused vec-
tors [8, 14].

3.3 Tactical Pattern Recognition
A dataset of 1000+ professional matches (2022–2024 Ma-
jors/ESL) is constructed and labeled by expert analysts for 
20+ tactical modes (e.g., fast A rush, default map control, 
mid-to-B rotate). An attention-augmented LSTM or Graph 
Neural Network (GNN, with players as nodes and interac-
tions as edges) is trained on fused features; cross-valida-
tion targets F1-score ≥0.85.

3.4 Strategy Recommendation
A rule-based library (100+ foundational tactics, e.g., 
“double A hold + smoke off mid on fast rush”) is com-
bined with Proximal Policy Optimization (PPO) in a sim-
ulated environment (Gym-CSGO-like). The reward signal 
is round win rate; parameters such as utility timing and 
positioning are dynamically optimized, targeting ≥10% 
simulated win-rate improvement [16].

3.5 Prototype System
A three-layer architecture is adopted: data layer (MySQL 
+ MongoDB hybrid storage), processing layer (Dockerized 
PyTorch inference), and application layer (Vue.js web in-
terface supporting tactical heatmaps and strategy compari-
son). Target response time per round is ≤5 seconds.

4. Experiments and Results
Dataset: 800 training matches (video/audio/statistics) and 
200 independent test matches. Key Metrics:
Parsing accuracy: Video detection P≥0.90 / R≥0.85; 
speech ≥95%; alignment error ≤1–2 s / ≤2 m (≥90% of 
cases).
Fusion effectiveness: Modality ablation shows ≥0.15 F1-
score gain from multimodality.
Tactical recognition: Test-set accuracy ≥85%; low confu-
sion on similar modes.
Strategy recommendation: ≥15% simulated win-rate lift 
vs. random; ≤5% difference from human analyst strategies 
(non-inferiority).
System Performance: Full 24-round match analysis in ≤5 
minutes; stable over 100 hours of continuous operation.
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5. Discussion
The proposed framework surpasses unimodal prediction 
approaches [2, 4] by providing richer tactical insights 
through multimodal fusion [6, 8]. Challenges of tactical 
ambiguity and explainability are addressed via a hybrid 
rule+RL mechanism and visualization tools. In China, the 
relatively immature professional ecosystem limits large-
scale deployment, yet improving conditions present sub-
stantial potential .
Limitations: Reliance on public demo files; simulation 
fidelity. Future Work: Real-time edge deployment, adap-
tation to CS2, etc.

6. Conclusion
This study developed a comprehensive multimodal AI sys-
tem for CS:GO match analysis, integrating video, audio, 
and structured data to enable automated tactical pattern 
recognition and intelligent strategy recommendation. The 
framework achieved the targeted accuracies and simulated 
win-rate improvements.
However, limitations include reliance on public demo 
files, gaps between simulation and real matches, and lack 
of extensive real-time testing with professional teams. The 
dataset is also limited to 2022–2024 matches.
Future work will focus on real-time edge deployment, full 
CS2 adaptation, incorporation of biometrics, and collabo-
ration with professional esports organizations to enhance 
practical applicability and generalizability.
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