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Abstract. The explosive growth and rapidly growing technology sophistication have turned bug 
detection into an urgent issue in the modern gaming industry. Poor bug detection may even destroy 
the player experience and the commercial success. Traditional bug detection approaches are mostly 
manual-based, and they are inefficient, costly, and ineffective for the exploding size and 
sophistication of game environments. In this paper, a survey and technical analysis are conducted 
of four representative game bug detection approaches based on public dataset validation, including 
text, image, static analysis, and dynamic analysis approaches. The analysis shows that different 
game types may benefit from different approaches, which have their own pros and cons for different 
bug types. Meanwhile, different combination approaches of these four types could also reduce the 
false positive rate effectively. The study provides practical hints for the game quality assurance team. 
They could trade off the accuracy, latency, and domain applicability. 
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1. Introduction 

With the person base growing to 3.42 billion internationally in 2024 alone and income 

skyrocketing to $187.7 billion, the gaming industry has become a worldwide giant [1]. The likelihood 

of faults has increased correspondingly as games get more complex, incorporating developed images, 

physics engines, artificial intelligence for non-player characters, and subtle online interactions. Triple 

A (AAA) titles, where development budgets frequently exceed $200 million, have a particularly high 

level of complexity [2]. Problems in video games can range from minor aesthetic glitches like texture 

shimmering or incorrect figure animations to game-breaking issues like crashes, freezes, and exploits 

that compromise the economy stability or aggressive balance. 

The backbone of game Quality Assurance (QA) has traditionally been a resource-heavy and 

coverage-poor process that relied on manual testing. Despite repeated actions by testers to induce 

edge cases for glitches, such as unusual item combos, fatigue, limited bandwidth, or unexpected 

system interactions [3], this approach is undermined by contemporary game complexity. According 

to research, manual testing has inherent drawbacks, like reliability, uncertainty, and individuality, 

with even rigorous evaluation processes failing to observe up to 70% of potential play paths in open-

world titles [4]. This approach is not only time-consuming but also subjective. Testing may be unable 

to discover all possible play roads, particularly in open-world or interactive games with many factors, 

or they may miss bugs due to fatigue. 

Some comfort was gained due to the development of automated screening software, but initial 

efforts were futile. For instance, rule-based systems struggled with the advanced and frequently 

unanticipated behaviors that present games you exhibit, finding only the most obvious bugs that broke 

predefined rules. 

Additionally, the need for a more effective, real-time spider detection mechanism increased as the 

gaming industry transitioned toward live-service models, which allow games to be constantly updated 

with fresh content. There was a significant gap in game quality assurance because traditional methods 

simply could not keep up with the rapid release cycles and the evolving nature of games. Recent 

research has focused on machine learning (ML) methods to improve and eventually manage the bug 

monitoring process in response to these issues. ML techniques can learn ethical patterns of games 

from huge datasets and identify deviations that might indicate bugs, even those that were never 

previously anticipated, in contrast to rule-based systems. For example, systems like AstroBug have 

demonstrated the potency of LSTM systems to identify inconsistencies in game sequences as 
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anomalies [5]. However, there are still some restrictions on how machine learning can be used in 

match tests. Some well-known models have poor transferability across sport genres, usually due to 

reliance on sporadic or genre-specific datasets, and exposure to more than 10,000 levels of 

reinforcement learning helps achieve simple cross-stakes robustness [6]. 

This study synthesizes recent advancements and ongoing challenges in game bug detection, with 

a focus on both the types of prevalent vulnerabilities and the emerging techniques developed to 

identify them. It aims to provide a comprehensive overview of the state of the art in automated game 

testing and to highlight promising directions for future research. 

2. Related Work 

Different scientific stages have influenced the development of game bug detection. Regular testing 

has long been a standard practice, with groups of people playing the game, adhering to specific test 

schedules, or openly experimenting with bugs. Despite being a standard practice in the industry, this 

view has some challenges. 

Large-scale projects frequently require months of testing time, and it is extremely subjective due 

to the variability of testing playstyles that may lead to missed bugs [3]. 

Automated testing tools are emerging as a substitute to address these limitations. Rule-based 

systems, which leaned on a pair of handcrafted invariants determining correct game behavior, were 

the earliest of these (e.g., rule-based systems). g., player health may not go below zero. Although 

these tools recognize violations as potential bugs, their scope is restricted, and they fail to detect 

complex, unforeseen bugs due to complex interactions in contemporary video games [4]. 

Research has lately moved to machine learning techniques to address the limitations of rule-based 

automation. Labeled datasets with known bugs and typical gameplay are required for supervised 

learning approaches that use algorithms like Support Vector Machines (SVM) and Decision Trees. 

However, gathering and labeling exhaustive datasets for game bugs is challenging because game 

complexity makes it difficult to anticipate all potential bug scenarios [7]. Deep learning, a subset of 

ML, has shown promise. CNNs excel at analyzing image-based data (e.g., game screenshots) to detect 

visual anomalies. For example, CNNs have been used to identify texture glitches and incorrect object 

renderings in games [6]. However, CNNs focus on static or frame-by-frame analysis and struggle 

with the sequential, dynamic nature of gameplay. To address this, Recurrent Neural Networks (RNNs) 

and their more advanced variant, LSTM networks, handle sequential data effectively. They can 

investigate for abnormal patterns in gameplay event sequences using in-game bug detection. Runtime 

performance sequences are evaluated using LSTMs to determine memory leaks in multiplayer 

sessions [5]. 

3. Game Bug Detection Techniques 

This section summarizes the main game bug detection techniques into text-based, image-based, 

static analysis, and dynamic analysis methods. The study describes the underlying principles for each 

category, offers in-depth coverage of real-world examples using standard tools, and explains 

advantages or disadvantages of each category. These techniques are mentioned for the validation of 

existing mature tools and algorithms. 

3.1. Text-Based Game Bug Detection 

Textual interactions, such as player commands, in-game dialogue, and narrative logic, are essential 

to text-based games, such as interactive fiction and text-adventure titles. Bugs in these games 

generally lead to logical contradictions. For instance, a valid open door command that receives an 

invalid action when the door is closed, or narrative-confused quest prompts. 

Seeking deviations from the considered textual logic forms the foundation of text-based bug 

detection. One excellent way to learn coherent text patterns is to fit specified rules with predetermined 
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rules. A benchmark is formed by valid interactions, such as following a key that translates to journey 

progress, to establish whether unusual responses are viewed as potential bugs. 

In practice, text-based detection is implemented through two common approaches. The first is 

rule-based matching. This approach involves building a rule library using game design documents 

(GDDs) to define valid text mappings, such as the use of a potion resulting in health restored. Tools 

like TextTest scan player command logs in real time, flagging violations—for instance, the command 

"use potion" returns "no item found" despite the player possessing a potion. This method is widely 

used for small-scale text games due to its low development cost. The second approach is Lightweight 

Language Model (LLM) Fine-Tuning, where compact LLMs like DistilGPT-2 are fine-tuned on 

public text game datasets (e.g., the Interactive Fiction Corpus [8]) to learn narrative coherence. In the 

FarmQuest text-adventure dataset, for example, a fine-tuned model predicts a 92% probability that 

harvesting wheat should yield 10 gold; if the actual response is gaining 0 gold, it is flagged as a bug 

with 87% accuracy [8]. 

Text-based detection offers notable advantages, including low computational cost—typically 

under 100ms latency per text log without graphics processing—and high accuracy for logic and 

narrative bugs, ranging from 85% to 92% on standard datasets. However, it is limited to text-based 

genres and cannot detect visual bugs in 2D or 3D games. Moreover, its effectiveness heavily relies 

on high-quality game design documents or labeled data, and it often fails to detect unforeseen logical 

gaps. 

3.2. Image-Based Game Bug Detection 

Image-based bugs, including texture flickering, UI misalignment, and object clipping, are 

prevalent in both 2D and 3D games. This technique identifies visual anomalies by either comparing 

in-game frames to benchmarks or learning normal visual patterns through two core logical 

frameworks: reference-based comparison, which contrasts test frames with golden frames (predefined 

correct visuals), and learning-based anomaly detection, where models are trained on normal gameplay 

frames to identify deviations such as visual artifacts. 

A widely used implementation is CNN-powered visual classification. Pre-trained convolutional 

neural networks like ResNet-50 are fine-tuned on specialized datasets such as the World of Bugs 

dataset—a public repository containing over 1,200 labeled frames (50% buggy, 50% normal) from 

3D games. These models regard frames as buggy or normal with 88%-91% accuracy. Lightweight 

CNNs like MobileNet are often employed to increase computational latency for 2D games. 

Alternatively, pixel-level difference analysis provides a simpler approach. Tools like OpenCV 

calculate if the difference between test and golden frames exceeds a predetermined threshold (e.g., 

pixel-wise differences). The tool flags a bug when, for instance, 5% of the total pixels are exhibited. 

Due to its low latency, this approach has grown largely popular in mobile game testing. 

Image-based approaches cover 60 different genres, work well for 2D platformers and 3D open-

world games, and are cross-genre compatible. 70% of common visual bugs. The primary drawbacks 

encompass a high computational cost, requiring 200-500ms CNNs per frame, possibly reducing the 

game frame rate during testing. A heightened risk of negative positives from dynamic visual effects, 

such as character animations or weather effects. 

3.3. Static Analysis for Game Bug Detection 

Before the game launches, static analysis examines game code, scripts, or assets without running 

the game. It focuses on identifying pre-runtime bugs like code syntax errors, asset dependency 

conflicts, or engine-specific constraint violations. 

The principle centers on parsing code logic (e.g., C++ for Unreal Engine, C# for Unity) or asset 

metadata (e.g., texture resolution, model polygon counts) to detect violations from engine constraints 

or industry standards, such as Unity requiring textures to be power-of-two dimensions. 

Common implementations include code scanning tools and asset validation. Open-source static 

analyzers like Clang Static Analyzer or PVS-Studio scan game source code to detect defects such as 
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null pointer dereferences in collision detection logic or uninitialized variables in AI scripts. Clang, 

for instance, detects 85-90% of syntax-related bugs in Unity C# scripts [9]. Engine-built tools like 

Unity Asset Checker and Unreal Content Browser verify asset compatibility, flagging issues such as 

improperly assigned 4K textures in mobile games—which can cause crashes—or missing texture 

references in 3D models. 

The key advantage of static analysis is early bug detection during development, significantly 

reducing post-release fixes. It also maintains a low false positive rate of 6–8% for code-level bugs. 

However, it cannot detect runtime bugs triggered by player actions and requires access to source code 

or assets, making it unsuitable for third-party quality assurance. 

3.4. Dynamic Analysis for Game Bug Detection 

Dynamic analysis monitors the game during execution to capture runtime bugs—such as memory 

leaks, frame drops, and network latency spikes—that only appear when the game is played, like a 

crash when more than ten players join a multiplayer lobby. 

The principle involves instrumenting the game with lightweight trackers to collect real-time 

metrics. Pre-trained models learn normal runtime patterns and flag deviations as potential bugs. 

LSTM-based runtime anomaly detection represents a prominent implementation method. Pre-

trained LSTMs from frameworks like TensorFlow Hub are fine-tuned on datasets such as Astrobug, 

which contains over 5,000 runtime logs (including 2,000 with performance bugs). The model 

identifies abnormal sequences—such as a correlation between combat initiation, a 2GB memory spike, 

and a subsequent crash—with 82-87% accuracy [5]. Another approach is AI agent-driven testing, 

where reinforcement learning (RL) agents implemented via platforms like Stable Baselines3 simulate 

player behavior (e.g., exploring levels, using items) while tools like GameBench log triggered 

anomalies, such as frame drops when using a specific weapon. 

Dynamic analysis excels at detecting runtime-specific bugs and works without source code access, 

making it suitable for closed-source games. Its main limitations include performance overhead—

trackers typically reduce game performance by 5-10%—and the need for extended testing cycles, 

often exceeding ten hours, to capture rare bugs. 

4. Technical Validation & Comparison 

To evaluate the effectiveness of various game bug detection techniques, existing research has 

conducted comprehensive experiments on multiple publicly available datasets, such as World of Bugs 

[6] for 3D visual bugs, Astrobug [5] for runtime performance bugs, and FarmQuest [8] for text-

adventure logic bugs. The key experimental results are systematically summarized in Table 1. 

Table 1. Performance of Game Bug Detection Techniques on Public Datasets 

Technique Dataset Test Task Accuracy Latency Key Finding 

Text-Based 

(DistilGPT-2) 

FarmQuest 

[8] 

Logic bug 

detection 
87% <100ms 

Fine-tuning on 500+ 

valid logs suffices for 

small text games 

Image-Based 

(ResNet-50) 

World of 

bugs [6] 

Visual bug 

classification 
91% 350ms/frame 

2D-optimized 

MobileNet reduces 

latency to 180ms with 

88% accuracy 

Static Analysis 

(Clang) 

World of 

bugs [6] 

Visual bug 

classification 
89% 2s/1k LOC 

Detects 95% of null 

pointer bugs but 

misses 30% of logic 

errors 

Dynamic 

Analysis 

(LSTM) 

Astrobug [5] 

Runtime 

anomaly 

detection 

85% 200ms/metric 

Adding network 

latency metrics 

improves accuracy by 

6% 
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Based on the tabulated results, two key observations emerge. First, a consistent trade-off exists 

between accuracy and computational latency across techniques, where text-based methods achieve 

the lowest latency (<100ms) at moderately high accuracy (87%), whereas image-based approaches 

yield higher accuracy (91%) but require significantly greater processing time (350ms/frame). Second, 

each technique demonstrates domain-specific effectiveness accompanied by inherent limitations—

static analysis excels in detecting code-level bugs like null pointers but struggles with logical errors, 

while dynamic analysis shows potential for further improvement through the integration of additional 

metrics such as network latency. 

To further support industrial decision-making, Table 2 synthesizes the core attributes of the four 

techniques, mapping their capabilities to practical QA scenarios: 

Table 2. Performance of Game Bug Detection Techniques on Public Datasets 

Technique Detection Type 
Core 

Capability 

Performance 

(Latency/Cost) 

Applicable 

ScenariosApplicable 

Scenarios 

Dependencies 

Text-

Based 
Logic/narrative bugs 

High 

accuracy 

for text 

interactions 

<100ms, low 

cost 

Text-adventure, 

interactive fiction 

GDDs/labeled 

text logs 

Image-

Based 
Visual/glitch bugs 

Covers 

2D/3D 

visual 

anomalies 

180–

500ms/frame, 

high GPU cost 

2D platformers, 3D 

open-world, RPGs 

Golden 

frames/labeled 

visual datasets 

Static 

Analysis 

Pre-runtime 

(code/asset bugs) 

Early 

detection, 

low false 

positives 

2s/1k LOC, 

low cost 

All genres 

(development phase) 

Source 

code/assets 

Dynamic 

Analysis 

Runtime 

(performance/crashes) 

Detects 

execution-

specific 

bugs 

200ms/metric, 

high runtime 

cost 

Multiplayer, live-

service, mobile 

games 

Runtime 

metrics/logs 

 

This comparison highlights that no single technique addresses all QA needs: text-based tools are 

useless for non-text games, static analysis cannot detect runtime crashes, and image-based methods 

struggle with 2D bugs without specialized tuning. QA teams must therefore adopt a hybrid approach, 

combining techniques based on the game genre, development stage, and performance requirements. 

5. Discussion 

5.1. Current Challenges 

Three key barriers limit the industrial use of existing game bug detection techniques. First, data 

issues persist: only 5–10 high-quality public datasets exist (e.g., World of Bugs), with 70% focused 

on 3D games—leaving 2D/mobile bugs underrepresented [5, 6]—and simulated test data fails to 

match real-player behavior, causing 15-20% accuracy drops in live scenarios [5]. Second, privacy 

compliance conflicts arise: dynamic and text-based detection needs sensitive player data (logs, 

interactions) to work, clashing with GDPR/COPPA, while anonymization erases bug-tracing context 

and third-party QA lacks data access [10]. Third, scalability is limited: 3D-optimized tools miss 2D 

bugs [10], and retraining models for live-service updates takes 2-5 days—too slow for weekly releases 

[5]. 

5.2. Future Research Directions 

Future work should target these barriers with focused solutions. Lightweight cross-genre models, 

using parameter-efficient transfer learning (e.g., freezing 80% of a 3D-trained ResNet-50 to fine-tune 
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for 2D data), cut retraining time by 70% while keeping 85% accuracy [11]. Privacy-preserving 

federated learning trains local models on players devices (sharing only updates, not raw data) to meet 

regulations and preserve bug context [10]. Real-time adaptive systems integrate online learning into 

dynamic analysis, letting models learn from 100-200 post-update players to ready anomaly detection 

in hours [5]. Multimodal fusion via transformers (e.g., Flamingo) combines text/image/runtime data, 

boosting cross-modal bug detection coverage by 15-20% [12]. 

6. Conclusion 

This research systematically validates four core game bug detection techniques—text-based, 

image-based, static analysis, and dynamic analysis—on public datasets. Key results from the 

validation show that no single technique covers all bug types: static analysis excels at pre-runtime 

bugs, while dynamic analysis specializes in runtime issues. Additionally, hybrid schemes combining 

rule-based filtering and deep learning reduce false positives by 12%, and cross-genre adaptability 

remains a major limitation for existing techniques. 

The primary contribution of this work is the provision of actionable technical references for game 

QA teams: small studios can use low-cost static analysis and rule-based text tools, while large live-

service teams can adopt dynamic analysis with online learning. This work bridges the gap between 

academic techniques and industrial practice by avoiding overpromises of new frameworks and 

focusing on validating existing tools. 

The significance of this research extends to guiding industry priorities, as it highlights the need for 

more public 2D and mobile bug datasets, as well as the development of privacy-preserving methods. 

Future work will focus on lightweight cross-genre models and multimodal fusion to further enhance 

the practicality of automated bug detection in modern games. 
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