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Abstract— Esports has grown from a niche hobby into a major entertainment force, bringing fresh challenges and new 

creative opportunities. AI, especially with models tuned to specific games, is beginning to shape content that feels alive in 

the moment and keeps viewers genuinely interested. In this review, we explore how AI is currently being used in esports 
— from recognizing in-game visuals to making sense of context and pulling out the best moments. We look at leading 

methods, outline a working model, and compare results across popular game genres. There’s been solid progress, but 

challenges like merging different data sources, handling real-time demands, and being open about how things work are 

still hard to solve. Moving forward, what matters most is broader adaptability, better clarity, and designing AI with 

people in mind. This review helps researchers and creators explore that evolving space. 

 

Index Terms— Esports, Artificial Intelligence, Content Generation, Computer Vision, Highlight Detection, Video 

Summarization, Game-Specific Models, Real-Time AI, Multimodal Learning. 

1. Introduction 

The merging of artificial intelligence and digital entertainment is quietly redefining the world of esports. Among the most 

promising advances is AI-driven content creation, especially through computer vision models built for specific games. As esports 

evolves into a multibillion-dollar global market, the demand for fast, intelligent, and automated content tools has surged. From 

stitching together highlight reels and decoding player tactics to enhancing the live viewer experience, AI is changing how esports 

content is produced and experienced — making it faster, smarter, and more immersive for players, creators, and fans alike [1]. 

Esports, or competitive video gaming, has come a long way in the past twenty years, growing in both professional standards and 

fan involvement. Thanks to platforms like Twitch, YouTube Gaming, and Facebook Gaming, what started as niche competitions 

now draw millions of live viewers worldwide. This surge has created new pressure for fast, polished content, driving advances in 

automation and media tech [2]. 

At the same time, AI has come a long way, especially in deep learning, language processing, and computer vision. That last one is 

especially important for tracking the fast, visually packed action happening in esports games. Custom models can break down 

video streams frame by frame, picking up details like where players are, what items they grab, and major in-game moments [3]. 

These insights power automated content creation, from narrated recaps and thrilling highlight reels to personalized reviews that 

give players and fans something uniquely their own. 

AI-powered content creation is transforming esports by accelerating production, delivering personalized fan experiences, and 

making high-level analysis accessible to all—cementing its role as a major area of interest for developers and researchers alike. 

The advancements in AI-driven esports content generation have important implications not only for gaming and entertainment but 

also for broader technological domains such as computer vision, machine learning, and multimedia systems. For example, models 

built for real-time video analysis in esports are now finding use in areas like autonomous vehicles, medical imaging, surveillance, 

and robotics [4]. These innovations also advance digital storytelling, where AI crafts and organizes content into dynamic visual 

narratives that boost engagement and understanding. 

Esports provide a great playground for AI research because competitive games are typically well-organized and structured. Unlike 

real-world situations, where data is often messy and unpredictable, games follow clear rules and generate loads of labeled data—

perfect for training AI using supervised or reinforcement learning. This makes computer vision in esports a valuable way to shape 

and polish AI systems in a safe, structured environment before putting them to work in real-world situations [5]. 
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As the world moves toward more digital and automated solutions, AI-generated content in esports shows how humans and 

machines can work together creatively. It marks a shift where machines become collaborators, not just tools, in how stories are 

told. 

While AI-generated content in esports holds a lot of promise, it also comes with its fair share of technical and conceptual hurdles. 

One major challenge is the wide variety of game types—like real-time strategy (RTS), MOBAs, and first-person shooters (FPS)—

which makes it tough to create a single computer vision model. Each game has its own visuals, pace, and layers of meaning to 

interpret [6]. 

A second major hurdle is handling everything in real time. Creating instant highlight reels or match summaries means the system 

must not only detect and interpret key events accurately, but also smartly pick content that fits user tastes or editorial goals. Doing 

this with low delay—especially at scale for millions of viewers—is a serious technical challenge [7]. 

Another area that hasn’t gotten enough attention is combining different types of data. Most current systems mainly focus on 

visuals and tend to overlook valuable audio and text cues like in-game dialogue, live commentary, or chat messages. Figuring out 

how to bring all these elements together effectively is a major research challenge—and could make AI-generated content much 

more engaging and relevant if solved [8]. 

Finally, the explainability and ethical deployment of AI models in this space have not received adequate attention. As AI begins 

to influence viewer perception by choosing which content to highlight or omit, questions about bias, fairness, and algorithmic 

accountability become increasingly important [9]. 

This review aims to take a detailed look at the current state of AI-driven content creation in esports, with a focus on computer 

vision models tailored to specific games. It has four key goals: 

 To organize and classify the AI methods currently used across different esports genres. 

 To break down how game-specific computer vision systems are designed, how effective they are, and how they’re 

being used out in the field. 

 To spot the main roadblocks, blind spots, and exciting paths for future research. 

 To explore its ties to other areas and why it’s gaining momentum in today’s tech landscape. 

Year Title Focus Findings (Key Results and Conclusions) Citation 

2016 Deep Learning for Video 

Game Playing 

AI gameplay learning and 

video understanding 

Highlighted how CNNs and reinforcement 

learning can be used for complex game 

understanding tasks. 

[10] 

2018 Watch Me Play: Twitch 

and the Rise of Game 

Live Streaming 

Socio-cultural aspects of 

live-streaming and content 

generation 

Emphasized how content is shaped by 

platform norms, influencing AI tools for 

automatic clipping and tagging. 

[11] 

2019 DeepTag: A General 

Multi-modal Tagging 

Framework for Esports 

Videos 

Multi-modal tagging and 

highlight generation 

Proposed a model combining visual and 

audio data for automated tagging of esports 

content. 

[12] 

2020 Automatic Highlight 

Generation for Esports: 

A Survey 

Survey on automatic 

content generation 

techniques 

Classified existing highlight generation 

methods; identified need for more 

contextual and game-specific models. 

[13] 
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2020 Edge Computing for 

Real-time Esports 
Content Generation 

Real-time event recognition 

via edge computing 

Demonstrated that deploying lightweight 

models on edge improves response time for 
content automation. 

[14] 

2021 Real-time Detection of 

In-game Events using 

Deep CNNs 

Real-time detection of game 

events 

Introduced a model achieving 85%+ 

accuracy in detecting FPS game events in 

real time. 

[15] 

2021 Learning Highlight-

Worthy Moments in 

Video Games 

Identifying exciting events 

in gameplay for content 

generation 

Developed a scoring mechanism using 

reinforcement learning to detect moments 

perceived as ‘exciting’ by players. 

[16] 

2022 A Survey of Computer 

Vision Approaches in 

MOBA Games 

Computer vision models in 

MOBA (e.g., Dota 2, LoL) 

Identified key challenges such as scene 

complexity, occlusion, and ambiguous 

actions in MOBA-style games. 

[17] 

2023 Multimodal AI for 

Gaming: Integrating 

Vision, Audio, and Text 

Fusion of visual, auditory, 

and textual data in content 

generation 

Proposed fusion architecture improving 

event detection by 23% compared to visual-

only models. 

[18] 

2024 Gameloop2Vid: 

Generative AI for Game 

Summary Videos 

Generative models for auto 

video summaries 

Leveraged transformers and GANs to 

synthesize engaging match summaries from 

raw gameplay. 

[19] 

 

Table: Key Research on AI-Based Content Generation in Esports 

In-text Citations  

Thanks to recent breakthroughs in multimodal AI, esports content tools now do a better job by blending visuals, sound, and text 

[18]. Likewise, CNN models can now catch key moments in fast-paced FPS games in real time [15]. 

2 Proposed Theoretical Model for AI-Based Content Generation in Esports 

As the esports domain rapidly evolves, there is a pressing need for intelligent content automation systems that can understand 

complex game dynamics and convert them into engaging multimedia outputs in real-time. Building on prior research [20][21], 

this section proposes a modular theoretical model designed to facilitate automated highlight generation, tactical analysis, and 

content personalization using computer vision techniques fine-tuned for specific games. 
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2.1. Block Diagram Overview 

Below is a conceptual block diagram of the proposed AI content generation architecture: 

Figure: Block Diagram: Game-Specific AI Content Generation Framework 

2.2. Component-Wise Explanation 

Game Video Feed 

The system starts by capturing live or recorded gameplay footage. Modern esports titles like League of Legends, Dota 2, and 

Valorant have APIs or spectator modes that allow multi-angle and event-specific views [20]. 

Frame Preprocessor 

This module processes video inputs to ensure standardized frame sizes, frame rates, and formats. Preprocessing may include 

frame resizing, normalization, and filtering. Effective preprocessing reduces computational load and enhances downstream model 

accuracy [21]. 

Object and Event Detection Model 

Leveraging convolutional neural networks (CNNs) and recurrent architectures like LSTM or Transformer encoders, this module 

identifies key visual features—such as player positions, kills, ability usage, and objectives (e.g., “tower destroyed” or “dragon 

slain” in MOBA games) [22]. These models must be trained per game due to vastly different HUDs (Heads-Up Displays), 

iconography, and event styles [23]. 
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Semantic Analyzer & Context Module 

This module adds contextual relevance to the detected objects/events. For instance, a “kill” may be more significant if it’s part of 

a comeback. By using Transformer-based architectures, this module integrates temporal data and assesses event importance based 

on past and current game states [24]. 

Content Ranking and Highlight Generator 

Once events are semantically scored, this module ranks them according to excitement, impact, or narrative flow. It uses 

reinforcement learning or heuristic rules trained on audience preferences (e.g., crowd noise levels, chat sentiment) [25]. This is 

the core of the content generation system, converting raw events into storylines. 

Output Engine 

The final module formats content into the desired output—automated highlight reels, video summaries, annotated live streams, or 

interactive tactical reviews. It includes rendering tools, text-to-speech narration generators, and subtitle synchronizers [26]. 

3. Theoretical Foundations 

The proposed model is grounded in three theoretical paradigms: 

3.1 Game-Specific Visual Semantics 

Unlike general video analysis, esports games contain abstract and symbolic representations (e.g., health bars, ultimate meters), 

requiring domain-specific training. This aligns with the concept of semantic segmentation and symbolic understanding in 

structured visual spaces [27]. 

3.2 Temporal Relevance Modeling 

Esports events unfold in sequences; their impact is often temporal. For example, a kill during a team fight matters more than a 

random kill. Temporal attention models help identify such hierarchies using encoder-decoder mechanisms [28]. 

3.3 Multi-Modal Fusion 

Modern systems often fuse visual, audio, and textual data (e.g., in-game chat or caster commentary) to provide a more nuanced 

understanding of events. Studies show that multi-modal learning can significantly improve recall and precision in highlight 

generation [29]. 

4. Advantages of the Proposed Model 

 Scalability: Modular design allows deployment across genres (FPS, MOBA, RTS). 

 Real-time Capability: Optimized CNNs and edge processing components support live streaming. 

 Personalization: Allows tailoring outputs for different viewer profiles (e.g., beginners vs pros). 

 Explainability: Intermediate semantic layers help in interpreting why certain events were selected. 

5. Limitations and Future Directions 

 Domain Dependence: Requires retraining or reconfiguring models for each game title. 

 Latency Issues: While feasible in theory, real-time performance under bandwidth constraints remains a challenge. 

 Ethical Concerns: Highlight selection algorithms could bias viewer perception if not transparently designed [30]. 
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6. Experimental Results and Comparative Evaluation 

To validate the efficiency, accuracy, and applicability of AI-driven models for esports content generation, this section summarizes 

key experimental findings from multiple studies and benchmarks. Emphasis is placed on highlight generation, event detection, 

video summarization, and real-time performance, especially within popular titles like League of Legends, Dota 2, Counter-

Strike: GO, and Valorant. 

6.1. Evaluation Metrics 

The following performance metrics are commonly used to assess model effectiveness: 

 Precision (P): Percentage of detected highlights that are true highlights. 

 Recall (R): Percentage of true highlights that were successfully detected. 

 F1-Score: Harmonic mean of Precision and Recall. 

 Latency (L): Time lag (in ms) between game event and content output. 

 Viewer Engagement Score (VES): Average user rating of generated content on a 5-point Likert scale. 

6.2. Comparative Table of Models 

 

Model Name Game 

Title 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Latency 

(ms) 

VES 

(/5) 

Citation 

DeepTag [31] League of 

Legends 

83.1 77.4 80.1 460 4.2 [31] 

YOLOv3 + LSTM [32] Dota 2 87.6 82.3 84.9 390 4.5 [32] 

Gameloop2Vid [33] Valorant 79.8 85.2 82.4 620 4.3 [33] 

HighlightNet [34] CS:GO 90.1 86.7 88.3 340 4.6 [34] 

MultiModalFusionNet League of 

Legends 

91.2 89.4 90.3 410 4.8 [35] 

 

Table: Performance Comparison of Highlight Generation Models (MOBA and FPS Games) 

Key Findings: 

 MultiModalFusionNet outperformed others in F1-Score and viewer satisfaction due to its integration of audio and 

textual data along with visual analysis [35]. 

 HighlightNet, specifically trained for FPS titles, demonstrated the lowest latency, making it ideal for real-time 

streaming enhancements [34]. 
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6.3. Graphical Analysis 

 

 

Figure: Model Comparison Based on F1-Score and Latency 

Interpretation: 

While Gameloop2Vid had strong recall, it lagged in latency due to GAN-based post-processing. In contrast, HighlightNet 

achieved optimal real-time responsiveness, a critical feature for live esports content curation [34]. 

6.4. Ablation Study: Importance of Multimodal Inputs 

An ablation study conducted by Kim & Lee [35] evaluated the impact of removing different input modalities from the 

MultiModalFusionNet model: 

Configuration Precision 

(%) 

Recall (%) F1-Score (%) 

Visual Only 83.5 79.6 81.5 

Visual + 

Audio 

87.2 85.1 86.1 

Visual + Text 85.9 83.2 84.5 

Visual + 

Audio + Text 

91.2 89.4 90.3 

 

Table: Ablation Results on Multimodal Inputs (League of Legends Dataset) 

Insight: 

Inclusion of audio cues (such as commentary excitement levels or game sounds) and textual data (chat sentiment and 

commentary transcripts) significantly improved precision and recall [35]. 

6.5. User Study on Generated Highlights 

A user study involving 500 participants (regular esports viewers) was conducted across three games (LoL, Valorant, CS:GO). 

Viewers rated highlight reels on: 

 

 

 

http://www.ijrti.org/


© 2025 IJRTI | Volume 10, Issue 7 July 2025 | ISSN: 2456-3315 

IJRTI2507137 International Journal for Research Trends and Innovation (www.ijrti.org) b258 
 

 Narrative Coherence 

 Excitement Level 

 Relevance 

 Overall Satisfaction 

 

Figure: Viewer Rating by Model Type 

Viewers preferred models that incorporated multimodal data, especially in emotionally charged moments (e.g., game-

deciding kills), underscoring the value of human-centered AI tuning [35]. 

6.6 Conclusion from Experimental Results 

These evaluations clearly demonstrate that: 

 Game-specific tuning significantly enhances AI model performance. 

 Multimodal models surpass unimodal models in accuracy and viewer engagement. 

 Real-time responsiveness is essential but must be balanced against content depth. 

This empirical foundation underscores the need for integrated, low-latency, context-aware, and multimodal AI architectures 

in future research and commercial deployments of esports content generation systems. 

7. Future Research Directions 

While AI has come a long way in shaping esports content, more work is needed to improve how well these systems perform, 

adapt, and benefit society. 

7.1 Generalization Across Game Genres 

A big issue is that these models aren’t great at switching gears. Systems trained on games like League of Legends or Dota 2 tend 

to stumble with Valorant or Overwatch, since the visuals, layouts, and gameplay feel completely different [36]. Future research 

should look into meta- and transfer learning to help models adapt with less retraining [37]. 
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7.2 Explainable and Transparent AI 

As AI-generated content begins to shape viewer perception, the demand for explainable AI (XAI) in content generation will grow. 

Future systems must offer interpretable reasoning for why certain events are chosen as highlights, particularly in high-stakes 

professional tournaments where narrative framing can influence public opinion [38]. Techniques such as attention heatmaps, 

caption rationalization, and feature attribution can enhance transparency. 

7.3 Ethical Considerations and Fairness 

Highlight selection often leans toward big-name teams or star players, which can unintentionally deepen existing gaps in esports 

culture [39]. Future systems should aim for fairness and showcase a wider range of players, including women and 

underrepresented groups [40]. 

7.4 Enhanced Multimodal Fusion 

While current models use visual, audio, and textual data, the fusion process often lacks temporal synchronization and context  

understanding. Upcoming research could integrate cross-modal transformers and graph neural networks (GNNs) to improve event 

linkage and emotional impact analysis [41]. 

7.5 Real-time Optimization on Edge Devices 

To make AI-powered content creation work worldwide—especially in places with spotty cloud access—future models need to be 

built for edge devices, using lightweight designs that stay accurate while cutting down on computing demands [42]. 

7.6 Human-in-the-Loop Systems 

Incorporating human feedback loops—via crowd-sourced labeling, viewer preferences, and expert reviewers—can enhance the 

relevance and appeal of AI-generated content. Research should focus on interactive machine learning systems that adapt over 

time based on user engagement data [43]. 

8. Conclusion 

AI-driven content creation using game-focused computer vision is changing the way esports content is made, shared, and tailored 

to fans. This review explored cutting-edge models, testing methods, and smart design strategies shaping storytelling in 

competitive gaming. 

Our findings emphasize that: 

 Multimodal fusion improves accuracy and viewer satisfaction. 

 Responding in real time keeps live audiences hooked. 

 When AI understands context, the stories it tells feel richer. 

Even with all the cool progress, we’re not there yet—AI still struggles to handle different games, and it’s often unclear how it 

decides what it does. Pushing things forward will take teamwork from tech folks, designers, and gamers. 

This review ties it all together to spark what’s next. 
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