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GlitchAgent: Detecting Video Game Glitches from Gameplay Videos

Tong Zhou

(ABSTRACT)

The increasing complexity of modern video games has made Quality Assurance (QA) a

critical yet challenging bottleneck in the video game development and maintenance lifecycle,

which relies heavily on expensive, labor-intensive, and inefficient manual testing. Automated

glitch detection from gameplay videos offers a promising alternative, but is hampered by a

profound scarcity of annotated datasets, the ambiguity of identifying glitches without tem-

poral context, and the need for precise temporal localization of anomalies. In this thesis, we

propose a novel approach to address these challenges. First, we introduce a new video-based

benchmark dataset VideoGlitch for video game glitch detection, featuring diverse gameplay

videos. The videos are annotated with detailed, natural-language glitch descriptions and pre-

cise temporal timestamps, created through a semi-automated pipeline leveraging Multimodal

Large Language Models (MLLMs) and human validation. Second, we propose GlitchAgent, a

multi-stage framework for open-ended glitch detection with precise timestamps. GlitchAgent

operates by different video preprocessing procedure, then generating glitch hypotheses with

the Local Glitch Detector, tracing the full duration of anomalies via a novel temporal prop-

agation mechanism, and synthesizing a single, temporal description for each unique glitch

with corresponding timestamps. To evaluate our system, we introduce the LLM-as-the-judge

Glitch Detection Score (GDS), a novel metric that uses an LLM for semantic scoring and

couples it with temporal Intersection over Union (IoU) for a more robust assessment than

traditional metrics. Experiments demonstrate that GlitchAgent significantly enhances the



performance of various MLLM backbones, substantially improving detection precision and

temporal grounding accuracy compared to baseline approaches.



GlitchAgent: Detecting Video Game Glitches from Gameplay Videos

Tong Zhou

(GENERAL AUDIENCE ABSTRACT)

Video games are more complex and immersive than ever, but this complexity often leads

to frustrating “glitches” or bugs—like characters getting stuck in walls, objects behaving

strangely, or quests that can’t be completed. Traditionally, finding these glitches relies on

huge teams of human testers who play the game over and over, a process that is slow, expen-

sive, and can’t possibly catch every error in a massive game world. This thesis introduces

GlitchAgent, an artificial intelligence (AI) system designed to automatically find and report

these glitches by watching videos of the game being played. Think of GlitchAgent as a tire-

less, superhuman game tester. It breaks down long gameplay videos into small, manageable

clips, and the AI meticulously examines each clip for anything unusual. When it finds a

potential glitch, it then intelligently tracks the problem backward and forward in time to

pinpoint exactly when the glitch started and when it ended. Finally, it writes a clear, con-

cise summary of the problem—for example, “The main character’s horse started floating in

the air from the 1-minute, 15-second mark to the 1-minute, 22-second mark”—creating an

automated bug report for developers to fix. To build and test this AI, we first created the

largest-ever public library of video game glitches, complete with detailed descriptions and

exact timings. Our experiments show that the GlitchAgent system is effective at identifying

and describing glitches with high accuracy. The goal of this research is to help game devel-

opers create more stable, polished games more efficiently, reducing development costs and

leading to a better experience for players.
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Chapter 1

Introduction

The video game industry has become a global entertainment titan with revenues that outstrip

those of the film and music industries put together. Modern AAA titles are no longer simple

applications but have grown into massive, complex software ecosystems. These titles feature

high-fidelity graphics, massive open worlds, advanced physics engines, dynamic AI, and

sprawling, interactive narratives. Games like Cyberpunk 2077 or Red Dead Redemption 2

contain millions of lines of code and hundreds of gigabytes of art, audio, and logic assets.

However, this very complexity that fosters so much immersion is also accompanied by a

commensurate increase in the potential for error. In almost all cases, these are tightly

coupled systems, where graphics, physics, AI, and game logic have to work in unison; such a

structure breeds defects. Hence, QA has matured into a pillar of the game development and

maintenance process and has become a critical factor in delivering a stable and enjoyable

experience to market.

1.1 Background and Motivation

The predominant method for QA has remained manual testing. This process involves em-

ploying large teams of human testers to play the game repeatedly, trying to explore every

possible state, interaction, and corner of the game world. This method is highly labor-

intensive, time-consuming, and expensive. Developers often spend millions of dollars and

1



2 CHAPTER 1. INTRODUCTION

thousands of person-hours on QA alone. This dependence on manual labor contributes

to the so-called “crunch culture,” in which teams must work extensive overtime to meet

deadlines.

Beyond that, manual testing is limited. It is a gargantuan task to test every possibility a

big game might offer. A subtle bug misses a human tester’s eye, or they cannot replicate the

bug’s occurrence consistently. In other cases, the tester may simply become tired and thus

less effective. Humans excel at pinpointing context-dependent and unexpected issues—tasks

where machines typically struggle. However, comprehensive testing that requires endless

repetition is a task ill-suited for humans.

Hence, an automated solution is required. We address detecting glitches on gameplay videos

in this study. The player provides recorded videos containing instances of game glitches,

and the proposed system automatically detects these glitches (what and when) within the

videos.

1.1.1 Taxonomy of Glitch

In the context of this research, a “glitch” is defined as any observable behavior within the

game that deviates from the intended design and functionality, negatively impacting the

player’s experience. These can range from minor aesthetic annoyances to game-breaking

bugs that halt progression entirely. We do not group all glitches into rigid categories, as they

can be persistent, mixed, and arise from various sources, which could mislead developers.

The following types are often perceived as a glitch in the experience.

• Visual Glitches: These are basically defects regarding the graphical rendering of

the game whose examples include texture popping (where the low-res texture fails to

get replaced with a high-res texture), T-posing (when a character reverts to a default
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animation pose), incorrect lighting, and shader artifacts.

• Physics Glitches: These are errors arising from the game’s physics engine. Common

examples include ragdoll physics acting erratically, objects or characters falling through

map geometry, sudden explosions that fling things into the air, and model clipping

where portions of a character model passes through another object.

• Game Logic Glitches: These are glitches in the core rules and systems of a game.

These could comprise quests that cannot be finished, NPCs refusing to respond or

getting stuck in an animation loop, items that do not work as they are described, or

even exploits that unfairly advantage a player.

• Other Glitches: Those that concern the performance of the game, such as stuttering,

sudden frame rate drops, or freezing; lag on the internet; and camera issues- all of which

detract from the player experience.

1.1.2 Challenges of Detecting Glitches from Videos

The Scarcity of Annotated Glitch Data A primary obstacle is the profound scarcity of

large-scale, high-quality, and richly annotated datasets for video game glitches. Unlike estab-

lished computer vision domains like object detection or action recognition, which benefit from

massive public datasets (e.g., COCO, Kinetics), no such resource exists for game anomalies.

Glitches are, by nature, “long-tail” events—unexpected and often rare edge cases. Compil-

ing a diverse and comprehensive corpus requires an immense amount of gameplay footage.

Furthermore, annotation is a labor-intensive process that demands more than just a label.

A useful dataset would require:

• Video clips showcasing a wide variety of glitches across different games and genres.
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• Precise temporal annotations (start and end times) for each glitch event.

• Detailed, natural language descriptions of what is occurring in the glitch.

Game development studios possess this data internally, but it is proprietary, often tied to

unreleased intellectual property, and not formatted for academic use. This data bottleneck

severely constrains the training and, just as importantly, the robust evaluation of supervised

models for this task.

Task Formulation: From Simplistic to Practical The very formulation of the glitch

detection task is non-trivial and has been a limitation in prior work. Simply treating glitch

detection as a static image analysis problem is fundamentally flawed. Motion and temporal

context are essential for distinguishing between intended game mechanics and true bugs. For

instance, a character suspended in mid-air within a single frame is ambiguous; they could

be performing a legitimate jump, using a flight ability, or be stuck in a physics glitch. Only

by observing the sequence of events in a video can a correct determination be made.

In addition, a few studies have attempted to make the problem more tractable by reframing

it in the form of a multiple-choice question answering problem, where a model selects a

pre-written description that matches the glitch in a video clip. While useful for benchmark-

ing model comprehension, this approach does not mirror a real-world testing scenario. In

practical game development, a QA system receives no hints or predefined options. It must

identify and describe anomalies from raw observation alone. Therefore, a more practical

and challenging task formulation—and the one adopted in this thesis—requires a model to

perform open-ended glitch detection. The system must autonomously determine that

an anomaly has occurred and generate a novel, descriptive bug report from scratch, akin to

the process performed by a human tester.
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The Challenge of Precise Temporal Grounding Building upon the need for temporal

context, a critical and often overlooked requirement is precise temporal grounding. For

a generated bug report to be actionable for a developer, it is not sufficient to simply flag

an entire 60-second video clip as “containing a glitch.” A developer needs to know precisely

when the anomaly occurred to effectively debug the issue.

This elevates the task from a mere video classification task (glitch/no-glitch) into a highly

complex localization problem. Ideally, the system should identify and describe the glitch

event while simultaneously providing the exact start and end timestamps of the event within

the overall video stream. This merger of tasks constitutes a multi-task problem: from

detecting whether or not a glitch occurs, describing what it is, and localizing it within

precise time boundaries, it requires a fine-grained understanding of the video’s timeline and

making it far more sophisticated than each of these tasks taken in isolation, overstretching

the boundaries of current video-understanding capabilities.

1.2 Proposed Solution

The thesis offers a solution that addresses the previously mentioned challenges of scarce

data, open-ended task formulation, and the need for a finer temporal grounding. Three

contributions form the basis for our approach: the benchmark dataset VideoGlitch, the

novel detection framework entitled GlitchAgent, and the more rigorous evaluation metric

LLM-Judged Glitch Detection Score (GDS).

First and foremost, to address the profound scarcity of data, we introduce VideoGlitch, a

novel benchmark for video game glitch detection.. It is carefully kept diverse, with a range of

games, genres, and types of glitches. Crucially, videos are annotated-with a detailed natural

language description of the glitch, along with the exact start and end time of its occurrence.
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Rich annotations come into existence through a new semi-automated pipeline that gives

initial pseudo-descriptions by exploiting the video understanding capabilities of the MLLMs;

these pseudo-descriptions are then refined and verified by human annotators.

Second, to move beyond simplistic classification and address the practical need for open-

ended detection and temporal grounding, we propose GlitchAgent, a multi-stage

framework for automated glitch analysis. Rather than processing a video in its entirety,

GlitchAgent operates as follows:

1. Window-based Hypothesis Generation: The framework first segments a long

video into a series of short, non-overlapping windows. An MLLM analyzes each window

independently to generate initial “glitch hypotheses,” maximizing sensitivity to brief

or subtle anomalies.

2. Temporal Propagation: Verified glitch hypotheses act as “anchors.” A novel tem-

poral propagation mechanism then traces the full duration of a glitch by systematically

searching adjacent windows—both backward and forward in time—for the same spe-

cific anomaly. This process precisely localizes the full start-to-end timeline of the

event.

3. Canonical Description Generation: Finally, for each unique glitch instance iden-

tified and tracked, the MLLM synthesizes all related textual descriptions into a single,

cohesive, and definitive canonical report, eliminating redundancy and creating an ac-

tionable summary.

Finally, to overcome the limitations of existing evaluation protocols, we introduce the GDS.

Traditional metrics like SODA that leverages METEOR score, which rely on lexical overlap,

fail to capture the semantic nuance of glitch descriptions and match the most similar glitch



1.3. THESIS STRUCTURE 7

description pairs. Our GDS metric replaces this with an LLM-as-judge for semantic scor-

ing, which is then coupled with the temporal Intersection over Union (IoU). This method

provides a far more robust and human-aligned assessment of system performance, rewarding

both descriptive accuracy and temporal precision.

1.3 Thesis Structure

This thesis is organized into the following chapters:

Chapter 1: Introduction introduces the significance of Quality Assurance in the modern

video game industry, details the high costs and limitations of manual testing, and formally

defines the core challenges this research addresses: data scarcity, practical task formulation,

and precise temporal grounding. It concludes with an overview of our proposed contributions.

Chapter 2: Review of Literature surveys existing work relevant to our research. It first

a review of available datasets for video game glitch detection, highlighting their limitations.

It then discusses recent advancements in Multimodal Large Language Models (MLLMs),

focusing on their application to video understanding and the challenges they face with long-

form video and anomaly detection.

Chapter 3: VideoGlitch Dataset Collection provides a detailed account of the creation

of our novel benchmark dataset. This chapter elaborates on the video selection criteria, the

semi-automated pipeline for generating pseudo-descriptions using MLLMs, and the human

validation and temporal annotation process.

Chapter 4: Methodology presents the technical architecture of our proposed framework,

GlitchAgent. It details the multi-stage process, including video preprocessing, window-

based glitch hypothesis generation, the temporal propagation mechanism for full-duration
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tracking, and the final canonical description generation and merging stage.

Chapter 5: Experiments describes the experimental setup, introduces our novel eval-

uation metric, the Glitch Detection Score (GDS), and presents the results. It includes a

comprehensive comparison of GlitchAgent’s performance against various baseline MLLMs

and provides detailed ablation studies to analyze the impact of different components and

hyperparameters, such as sampling rate and window size.

Chapter 6: Conclusions summarizes the key findings of this thesis, discusses the impli-

cations of our work for automated game testing, acknowledges its limitations, and suggests

potential directions for future research.

Appendices provide supplementary materials, including detailed statistics of our dataset

and the specific prompts used to guide the MLLMs in our experiments.



Chapter 2

Review of Literature

2.1 Vision Glitch Detection Datasets

GamePhysics [16] is a large gameplay video recording collection consisting of 26,954 videos

in 1,873 different video games collected from the GamePhysics subreddit1, which includes

thousands of the game community reports. GameBugDescription [17] is a benchmark dataset

constructed based on GamePhysics, which consists of 167 buggy gameplay videos and a

total of 334 question-answer pairs across 8 games. However, the descriptions within this

benchmark are notably concise and exclusively crafted by human annotators. Additionally,

GlitchBench [18] is another benchmark annotated based on GamePhysics with 593 images

of video game glitches from 205 games. However, its problem is also the overly brief glitch

description, and it judges the glitch based solely on one image, which is insufficient for

glitch detection. PhysGame [5] is a benchmark dataset consisting of 880 gameplay videos

containing glitches, each annotated with a multiple-choice question answer pair specifically

addressing the nature of the glitch.

The detailed comparison of existing datasets is in Table 2.1.

Since existing datasets do not adequately address these challenges, we are motivated to de-

velop a new benchmark. It contains many gameplay videos spread across various game titles,

1https://www.reddit.com/r/GamePhysics/

9
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Dataset Pipeline Annotation Timestamp

GamePhysics [16] No No 7

GameBugDescription [17] Manual MCQA 7

GlitchBench [18] Manual Simple description (Image) 7

PhysGame [5] Semi-Automated MCQA 7

VideoGlitch (Ours) Semi-Automated High-quality description 3

Table 2.1: Comparison of Video Game Glitch Datasets

genres, and styles, thereby depicting a broad spectrum of gameplay experiences. Detailed

natural language descriptions of the glitches with precise timestamps indicating when those

glitches occur accompany this.

2.2 Multimodal Large Language Models for Video Un-

derstanding

This research builds upon recent and rapid developments in MLLMs. Generally, MLLMs

bridge the divide between perception and reasoning with a pre-trained Vision Encoder and

a pre-trained LLM. Architectures such as Flamingo [2], BLIP-2 [10], and LLaVA [11, 12]

had shown great success on static images with detailed visual conversations and following

comments about the image content.

Extending these capabilities from static images to dynamic videos introduces the critical chal-

lenge of modeling the temporal dimension. Early and straightforward approaches treated

video as a “bag of frames,” sampling a few keyframes and feeding them to an image-based

MLLM. While simple to implement, this method loses essential motion and causality infor-

mation, making it unsuitable for tasks where temporal context is key—such as distinguishing

a jump from a levitation glitch.
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To address this, subsequent works have focused explicitly on integrating temporal aware-

ness into the MLLM architecture. Models like Video-LLaMA [22] and Video-ChatGPT [13]

propose architectures that incorporate video-specific modules. These models often employ

strategies such as:

• Temporal Feature Aggregation: It mainly involves the use of a pre-trained video

encoder (e.g., VideoMAE [20]) to extract spatiotemporal features from video clips.

Thereupon, the features are aggregated or pooled and projected into the LLM embed-

ding space.

• Instruction Tuning on Video-Text Data: These models undergo a fine-tuning

process on large-scale video-text datasets, where they learn to associate linguistic de-

scriptions with visual events occurring in unison over time. They are trained for video

summarization, video captioning, and video-question answering.

Such works have been used to demonstrate that MLLMs have the ability to achieve an

advanced conception of the more common actions and events in the video. However, they

are typically trained and tested on datasets consisting of conventional human activities (e.g.,

cooking, sports). Hence, the investigation of their applicability to detecting abnormal, out-

of-distribution events such as video game glitches—anomalies that inherently carry no pre-

established “action class”-is still largely unexplored.

However, they also share a common issue, which is the limitation on input length and the

performance degradation with longer inputs. The method we propose can handle videos of

any length and achieves performance improvements by obtaining more detailed information.



Chapter 3

VideoGlitch Dataset Collection

In this chapter, we elaborate on the pipeline for data collection and processing of this dataset

VideoGlitch, as shown in Figure 3.1. In Sec.3.1, we explain the sources of our data and

the criteria for video and game selection according to the genres of the game. In Sec.3.2,

we construct a generation pipeline by leveraging powerful MLLMs to obtain pseudo glitch

descriptions. In Sec.3.3, we explain the human corrections to pseudo descriptions and the

annotation of glitches’ temporal information.

3.1 Selection of Source Videos and Games

Our dataset originates from GamePhysics. To ensure the diversity of the dataset we con-

struct, we first establish a set of game classifications based on the definitions of game genres

GamePhysics 

Dataset

Video selection by game genres

Glitchy Videos

Game 

Genre Reddit 

Discussion

Pesudo Glitch 

Description

Pseudo Glitch Description 
Generation by GPT-4o

Final Glitch 

Description

Time Range

Human Correction & 
Grounding by annotator

Figure 3.1: Data Collection Pipeline

12
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based on Wikipedia1, as shown in Table 3.1.

Game Genre Sub-genres
Action Action Adventure, Stealth, Fighting, Battle Royale, Platform, Survival,

Shooter, Rhythm, Wargame
Simulation Sports, Construction and Management, Vehicle Simulation, Life Simulation
RPG Action RPG, Dungeon Crawl, Roguelike, MMORPG
Adventure Interactive Film
Puzzle
Strategy Real-time Tactics (RTT), Turn-based Strategy

Table 3.1: Game Genres and Sub-genres

For all 1,873 different games in GamePhysics, we use gpt-4o-mini to categorize the games

into predefined game genres and sub-genres. In GamePhysics, a significant number of games

have very few videos, with many having only one or two. As a result, we discard games with

fewer than ten videos, leaving us with a total of 364 games.

The distribution of game genres is quite uneven; some sub-genres have only one game that

fits, such as the Interactive Film sub-genre within the Adventure genre, which includes

only Detroit: Become Human. Therefore, we prioritize selecting videos from sub-genres and

games with fewer entries to ensure their presence in the dataset. Detailed selection results

are included in Appendix A.1.

1https://en.wikipedia.org/wiki/Action_game

https://en.wikipedia.org/wiki/Action_game
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3.2 Automated Generation of Pseudo Glitch Descrip-

tions

Given the increasingly powerful performance of MLLMs, we believe that leveraging their

video understanding capabilities can assist us in labeling. Specifically, we use gpt-4o based

on video input to attempt to describe all the game glitches that appear in the video.

Input Preparation Based on practical usage, we find that when the number of input

frames exceeds a certain threshold, the model’s video understanding ability fluctuates. We

believe this is due to the excessive number of input images preventing the model from focusing

on specific details. Thus, we limit the number of input frames to fewer than 20 and add

frame indices as the textual hint to the MLLM. Specifically, we split the video into segments

shorter than ten seconds and obtain sampled frames at a rate of 2 frames per second (FPS).

Additional Hints Identifying glitches in a short gameplay video can be quite challenging

for people who haven’t played it before. Utilizing discussions about the glitched videos on

Reddit (including titles and conversations) can be very helpful in identifying and describing

glitches. We select 100 instances of data along with their corresponding generated pseudo

descriptions and manually assess their accuracy. The results from Table 3.2 indicate that

allowing the MLLM to access these relevant discussions is very beneficial for generating glitch

descriptions.

Method Accuracy (%)
Baseline 50.51
+ Reddit Discussion 64.29 (+13.78)

Table 3.2: Accuracy improvement by adding Reddit discussion
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3.3 Human Validation & Temporal Annotation of Glitches

We have developed a multi-user annotation interface 3.2 that allows multiple annotators to

annotate different videos simultaneously. For many videos, annotators can directly copy

the glitch descriptions generated by the MLLM as the ground truth. However, other videos

may require some modifications or additions in case the MLLM cannot accurately identify

the glitches in the video or correctly describe them, such as missing important elements or

describing incorrect characters.

Figure 3.2: Human Annotation Interface
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While watching the video, the start and end timestamps of each glitch description will be

marked at the corresponding position in the interface by the annotator.



Chapter 4

Methodology

This chapter details our multi-stage methodology for automatically detecting, verifying,

and documenting glitches in gameplay videos using a Multimodal Large Language Model

(MLLM). The framework consists of four primary parts, as shown in Figure 4.1. First, the

Video Preprocessing stage (Sec. 4.1) transforms raw video into a computationally manage-

able format by uniformly sampling frames at a fixed rate and segmenting them into discrete,

non-overlapping windows. Second, the Window-based Glitch Hypothesis Generation stage

(Sec. 4.2) uses an MLLM to analyze each window independently and then group them into

glitch records, generating an initial, sensitive list of potential glitches. Finally, the frame-

work traces the full duration of each confirmed glitch through Temporal Propagation (Sec.

4.3), using verified instances as “anchors” to search adjacent windows, and concludes with

Canonical Description Generation (Sec. 4.4), where the MLLM synthesizes all related infor-

mation into a single, cohesive summary for each unique glitch event. The final output is a

structured report detailing each glitch with a precise timeline and a definitive description,

ready for evaluation.

4.1 Video Preprocessing

The primary input to our system is the raw video of the gameplay sessions. However,

an MLLM does not process a video stream continuously; rather, it analyzes a sequence of

17
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Figure 4.1: Overview figure of our GlitchAgent.

discrete image frames. The objective of the video preprocessing stage is, thus, to convert this

continuous video footage into a structured sequence of discrete frames that are representative

of the gameplay and computationally tractable for the MLLM.

Following established video analysis practices, we adopt a uniform sampling strategy. It

consists of choosing individual frames from the video at a fixed-and-constant time interval.

We have given more importance to the uniform sampling method due to its simplicity and

efficiency, and that it gives an undistorted chronological view of the state of the game.

Sampling-wise, if we keep a constant interval over time, an important event, say a glitch,

cannot entirely be missed out on by methods emphasizing focus only during moments of

high visual accumulation.
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In our framework, we define a sampling rate, fs. For this study, fs is set to 1 frame per

second (FPS). This rate is chosen to provide a consistent and sufficiently detailed overview

of gameplay events while mitigating the high data redundancy present in high-frame-rate

video (e.g., 60 FPS), where consecutive frames are often visually almost identical, while the

objective of glitch detection is to search for anomalous changes.

Our selection of 1 FPS is hypothesized to strike an effective balance between comprehensive

temporal coverage and respecting the MLLM’s processing capabilities. The precise impact of

this sampling rate on the final glitch detection performance is a key experimental variable.

Specific experimental comparisons and a quantitative justification for this choice will be

presented in Sec. 5.2.2. This will validate our approach by comparing the efficacy of different

sampling rates.

Once the sequence of frames is extracted at sampling rate fs, it is divided into non-overlapping

windows so that one such window can be fed into the MLLM as a discrete input. Each win-

dow contains a fixed number of consecutively sampled frames, which we refer to as the

window size, ws. The choice of ws is an important hyperparameter because it determines

the length of the context the model can consider when queried in a single inference step.

Previous sampling methods often use randomly uniform sampling of 8 or 16 frames, which

can result in a great loss of temporal information amongst consecutive frames. Furthermore,

these methods would feed all frames into the MLLM at once, thus creating a pressure on

the context length limitation and the comprehension ability of MLLM. However, in our

method, the frames are sampled at a fixed FPS, contributing to the preservation of temporal

information, and granting the LMM detailed analysis within each local temporal window.

Sampling methods are distinguished in Figure 4.2.

A larger ws provides the model with more information to identify glitches that unfold over
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Figure 4.2: Comparison of different sampling methods.

several seconds, while a smaller ws allows for more granular, localized analysis but may

miss longer-term contextual cues. A quantitative analysis of the model’s performance under

different values of ws will be presented in Sec. 5.2.2 to empirically determine the optimal

window configuration for our task.

4.2 Window-based Glitch Hypothesis Generation

Following the video preprocessing stage, the raw video has been transformed into a tempo-

rally ordered sequence of non-overlapping windows, where each window contains ws frames.

This section details the core process of generating initial glitch candidates, which we refer

to as glitch hypotheses. This is achieved by feeding each window into a component we term

the local glitch detector.

As the name suggests, the local glitch detector deals with every window in isolation. Given

each window, which in and of itself is a sequence of ws frames, the MLLM is prompted
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to carry out a local analysis. The agent should scrutinize the short segment in question

for visual and temporal information, determine if any anomalous behaviors, visual artifacts,

or unexpected game-state transitions typical of the glitch occur there, and make its choice.

This choice for each window is binary (glitch or non-glitch), with the model providing a short

rationale in free text for the suspicion of a glitch and a detailed description of the glitch if

the suspicion is confirmed.

The reasoning for this localized, window-by-window method is a two-way objective for max-

imizing both the sensitivity and robustness:

Enhanced Focus on Local Anomalies The rationale is that by restricting the model’s

analytical scope to a short and isolated segment, subtle and brief anomalies can be detected

more effectively. During global analysis of a long video sequence, a few anomalous frames

representing a momentary glitch (e.g., texture pop-in, a character model clipping through

a wall for a frame) can be easily diluted or overshadowed by the large amount of footage

depicting normal gameplay. Within a local window of more immediate influence, such an

event gains weight as an intolerable entity influencing the greater portion of its input; hence,

it is much more salient and difficult for the model to ignore. This way, localized glitches

cannot simply become averaged out with the “big-picture view.”

Increased Detection Probability for Persistent Glitches If a glitch persists for a

duration longer than a single window (i.e., longer than ws/fs seconds), it will be present

across multiple, consecutive windows. By processing each window independently, our system

gains multiple opportunities to detect the same underlying issue. This temporal redundancy

significantly increases the overall probability of detection. A single false negative on one

window is not a catastrophic failure, as the detector has subsequent chances to identify



22 CHAPTER 4. METHODOLOGY

the same persistent anomaly in the following windows. In addition, the same glitch may

intermittently appear in the video, and our method enhances the accuracy of temporal

localization by executing detection in a more refined manner.

The immediate output after acting with a local glitch detector on each window in the video

is a list of windows possibly containing glitches. We call this curated list the local glitch

hypotheses. Each hypothesis denotes a specific time slot in the source video and stands

as a very promising candidate for the presence of a real glitch. In this initial pass, the

whole gameplay footage is effectively screened, and thus, the problem changes from scouring

exhaustively through thousands of frames to looking into a small set of interesting events:

suspicious windows.

Upon the creation of the hypothesis, this phase also conducts glitch categorization and

groupings as a second major step. A raw list of verified glitches may be accurate, yet it is far

from being made useful for any type of analysis. Therefore, the moment a glitch is verified,

the MLLM is set to perform a classification whereby it compares the verified event against

a known glitch record induced from earlier window(s). This means the task of the model is

to determine if it can semantically group the current glitch instance with a record of known

glitches.

This finest set of tools is used for two objectives: First, to label the glitches uniformly to

allow further aggregation of similar or relevant cases. Second, for preparing the data for the

final tracking phase, during which the temporal locations and types of unique glitches will

be tallied across the entire gameplay session.

The output of the Window-based Glitch Hypothesis Generation stage is a structured list of

grouped glitch incidents. Each entry in this list contains the timestamp, the window ID,

a precise textual description of the glitch event, and its assigned a unique glitch record ID
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from our glitch records memory.

4.3 Temporal Propagation from Glitch Anchors

Our system, as elaborated in the hypothesis generation stage in Section 4.2, has produced a

high-confidence and yet potentially incomplete list of glitch occurrences. The window-based

hypothesis generation is sensitive but it does analysis in isolation for each window. Such a

discrete analysis may likely introduce false negatives during the initial or trailing period of a

glitch event when the subliminal signs cannot compel an initial unguided detection. Hence,

these grouped glitches serve as reliable “anchor points” but may not span the complete

time duration of an anomaly. To overcome the aforementioned drawback, this stage, called

Temporal Propagation, systematically expands from those grouped anchors to track the

entire duration of every glitch.

The core principle of this stage is to leverage the confirmed glitch descriptions as a powerful

form of cognitive scaffolding for the MLLM. Instead of asking the model to perform another

open-ended search for any glitch in adjacent windows, we pose a much more constrained and

targeted question: “Does the specific glitch, described as ’[verified glitch description]’, also

occur in this window?” This transforms the task from discovery to targeted propagation,

significantly increasing the probability of detecting fainter manifestations of the same event

that were previously overlooked. This propagation process operates bidirectionally from

each anchor, comprising two phases: backward propagation to identify the event’s onset and

forward propagation to determine its conclusion.

Backward Propagation from the Earliest Anchor Starting with a unique glitch

record, backward propagation is initiated from whatever window is in that record and
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marked as the earliest confirmed window, i.e., the initial anchor. Let us denote this early

window ID as wi. What follows is an iterative examination of the windows going back-

ward (wi−1, wi−2, . . . ). For each window under scrutiny, the Grounder is queried about the

presence of the glitch described specifically in that record. Backward propagation for this

particular glitch record continues until either of the two confinement criteria arises:

1. Negative Detection: The Grounder has announced that the specific glitch is no

longer present in the window under examination, which indicates we have found the

temporal onset of a glitch event.

2. Record Collision: The propagation encounters a window already confirmed in the

same glitch record. This condition is important for efficiency so that we do not repeat

analysis of the same glitch occurrence.

Any newly positively identified windows are added to that glitch record, thus extending the

known duration of the glitch backward in time.

Forward Propagation from the Latest Anchor Forward propagation, much like back-

ward propagation, strives to zero in on the particular instant when the glitch terminates. It

starts immediately after the backward propagation and proceeds from the anchor window,

wi, through subsequent windows (wi+1, wi+2, . . . ). At every step, the Grounder is issued

the targeted verification task. Similar to the backward operation, the forward propagation

terminates at one of two instances: upon a negative detection that affirms the glitch has

indeed ended or when it collides with a pre-existing window within the same glitch record.

By extending this preparatory bidirectional propagation from every grouped anchor, we

achieve a complete temporal mapping for each distinct glitch. This procedure goes beyond

a mere setting of independent detections, in favor of assembling a contiguous timeline that
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binds adjacent windows that share the same anomalous behavior. The final outcome of

this stage is a consolidated set of all glitch records, temporally complete. Each record shall

contain an ID for the unique glitch, a set of temporal descriptions, and a complete list of all

window IDs in which this glitch has manifested, giving an almost exact timeline concerning

when it appeared from the onset towards the offset.

4.4 Canonical Description Generation and Final Merg-

ing

Following the temporal propagation stage (Sec. 4.3), our system has successfully mapped

the full temporal extent of each unique glitch. The output is a set of glitch records, where

each record contains a unique ID and a complete, contiguous list of all window IDs in which

the glitch manifests. However, a single glitch record may be associated with multiple textual

descriptions—one for each of the initially detected “anchor” windows. These individual

descriptions, while confirmed, can be fragmented, redundant, or may only capture a specific

aspect of an evolving glitch. The objective of this final stage is to synthesize these multiple,

detected descriptions into a single, comprehensive, and definitive canonical description for

each glitch record.

The main task here is that of contextual summarization-a very interesting task for which

LLMs are well equipped. Simply sticking existing descriptions together would give a rambling

and disjointed story. Instead, we use the Summarizer as a reasoner on the textual descriptions

to produce a higher-level, holistic summary.

Each unique glitch record is yielded from one record in the following way. In step one,

we gather all individual, confirmed textual descriptions associated with that record. All
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these descriptions are given to the Summarizer. Finally, the Summarizer is now being asked

to perform synthesis; ‘Review the provided video game glitch descriptions in time order.

Generate a single, concise, and accurate canonical description that summarizes the entire

glitch event from its beginning to its end. Remove redundancy and resolve any minor

inconsistencies between the initial descriptions to create the most representative summary.’

The model can observe how the anomaly begins, whether it evolves or remains static, and how

it ends. From this, the final canonical description can be both semantically rich and accurate,

representing what constitutes the essence of a glitch. For instance, should a character model

start clipping in a wall, and sometime later it starts vibrating uncontrollably, the final

description may well convey the entire sequence of events.

Thus, the output of this final merging stage is a fully refined and consolidated set of glitch

reports. Each report consists of:

1. A unique Glitch ID for traceability.

2. A complete list of all window IDs, states the exact start and end time of the glitch.

3. A single LLM-produced canonical description, which is the definitive and human-

readable summarization of the problem.

From the end, this structured output stands for the end product of our detection pipeline,

turning raw video footage into a list of well-documented and temporally-localized glitches

that can be reviewed by QA engineers.
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Experiments

This chapter is mainly divided into two sections: Experimental Setup (Sec. 5.1) and Exper-

imental Results (Sec. 5.2).

5.1 Experimental Setup

5.1.1 Evaluation Metrics

Evaluating the performance of our video game glitch detection system requires a metric that

assesses two distinct but equally important facets: the temporal accuracy of the detection

(i.e., when the glitch occurred) and the descriptive accuracy of the generated report (i.e.,

what the glitch was).

A parallel can be drawn to the task of Dense Video Captioning, where the goal is to generate a

sequence of descriptive text events, each with a corresponding non-overlapping timestamp. A

prominent evaluation framework in this domain is the Story-Oriented Dense video cAptioning

evaluation framework (SODA) [7]. SODA is designed to holistically measure performance

by considering both the quality of generated captions and the localization accuracy of the

events. It achieves this by first finding correspondences between generated and ground-

truth events and then calculating a final score where the text similarity metric (typically

METEOR) is weighted by the temporal Intersection over Union (IoU) – a common metric

27
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for temporal grounding task – of each matched pair. However, a direct application of the

SODA framework to our glitch detection task presents two significant challenges that limit

its effectiveness:

1. Sub-optimal Matching Strategy: SODA typically employs a temporally greedy or

locally optimal matching algorithm. It matches a generated caption to the ground-

truth caption that has the highest temporal IoU, provided it meets a certain threshold.

This approach is ill-suited for glitch detection, where multiple, distinct glitches might

occur within the same or overlapping time windows. For instance, a character model T-

posing (a visual glitch) could happen concurrently with the character clipping through

the floor (a physics glitch). A purely temporal matching could incorrectly pair the

ground-truth description of “clipping” with the system’s generated description of “T-

posing,” leading to an inaccurate evaluation of the system’s descriptive capabilities.

2. Inadequate Text Similarity Metric: The SODA framework commonly relies on the

METEOR score to evaluate caption quality. METEOR is based on n-gram matching,

stemming, and synonymy. While effective for general-purpose sentence similarity, it

fails to capture the semantic nuance required for technical glitch descriptions. For ex-

ample, the descriptions “The character’s arm is clipping through the wall” and “Player

model mesh is interpenetrating with the level geometry” are semantically identical in

a QA context, but their low lexical overlap would result in a poor METEOR score.

This penalizes valid, descriptive reports that do not precisely match the ground-truth

verbiage.

Having overcome those limitations with SODA, we propose an evaluation framework, LLM-

Judged Glitch Detection Score (GDS), that refactors SODA’s core principles but replaces

certain elements that do not work well in our context with others that are better suited. Our
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metric is therefore designed to better align with human judgment. The evaluation is carried

out through the following four steps:

Stage 1: LLM-as-Judge Semantic Scoring Instead of relying on lexical matching, we

employ a powerful Large Language Model (LLM) as an impartial judge to score the semantic

similarity between each generated glitch description and each ground-truth description. For

every possible pair of a generated report (g) and a ground-truth report (gt), the LLM is

prompted to provide a similarity score on a scale of 0 to 5, where 0 indicates no relation

and 5 indicates semantic equivalence. This captures the true meaning of the description,

overcoming the limitations of METEOR. We manually evaluate 100 random samples, as

illustrated in table 5.1. The findings robustly indicate that the Pearson correlation coefficient

between GDS and human scores is significantly superior to that of the METEOR score.

Metric Pearson Correlation
METEOR score 0.396
LLM score 0.723

Table 5.1: Correlation comparison with human score

Stage 2: IoU Score Computation While the semantic score measures the *what* of

the glitch, this stage is all about the *where*. Checking the precision of a location means

that we use the Intersection over Union (IoU) measure between the predicted time ranges

(Tp) and the ground-truth time ranges (Tgt). This IoU score, a very frequently used metric

in temporal grounding, is meant to express the extent to which two time ranges overlap. It

is the ratio of the area of time range intersection to the area of the union:

IoU =
Area(Tp ∩ Tgt)

Area(Tp ∪ Tgt)
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This measure would be between 0 and 1, with the value 1 used to describe a perfect match;

on the other hand, if the value is zero, it means there is no overlap. A very high IoU score

indicates that the glitch has been very well localized by the model, and hence it serves as a

temporal counterpart to the Stage 1 semantic score.

However, the IoU score is not meaningful in isolation; a high IoU might be assigned to a pre-

diction whose description is semantically unrelated to the ground-truth event. To address

this, we combine semantic relevance with temporal precision by calculating an **LLM-

weighted IoU score**. This score is computed by multiplying the LLM similarity score

(SLLM) from Stage 1 with the IoU score, ensuring that high temporal accuracy is only

rewarded when the semantic description is also correct. Consequently, we produce two in-

termediate metrics: the semantic similarity LLM score itself, and the LLM score-weighted

IoU for a holistic measure of temporal accuracy.

Stage 3: Global Optimal Matching via the Hungarian Algorithm With a com-

plete similarity matrix containing the LLM scores for all possible (g, gt) pairs, we use the

Hungarian Algorithm to find the globally optimal assignment. This algorithm identifies the

set of one-to-one matches that maximizes the total similarity score across all pairs, ensur-

ing that each generated glitch is matched with its most semantically relevant ground-truth

counterpart, rather than the one that is closest in time. We perform the global optimal

matching operation on both the obtained semantic LLM score.

Stage 4: Final Metrics Computation After establishing the optimal matched pairs,

we follow the SODA methodology for the final calculation. We derive F-measure scores

from both LLM score and LLM score-weighted IoU score to penalize redundant/irrelevant

descriptions. Thus, we use Precision, Recall and F1 to measure the quality of generated
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glitch descriptions, we use mean matched IoU to measure the average grounding accuracy

of predicted time ranges, and we use an F1×IoU score to measure the overall performance.

By replacing local, temporal matching with global, semantic matching and substituting

METEOR with a more robust LLM-as-judge score, our proposed GDS metric provides a more

accurate and meaningful evaluation of our system’s performance. As we will demonstrate in

our results, this metric shows a significantly higher correlation with human preference scores

compared to a direct application of the SODA framework, confirming its superiority for the

nuanced task of video game glitch detection.

5.1.2 Implementation Details

Our framework is implemented using the baseline models such as Qwen2.5-VL-3B-Instruct

in a zero-shot setting, without any additional training. For video preprocessing, input frames

are resized to a fixed resolution of 336×336 pixels. During inference, we set the decoding

temperature to 0.5. These settings were applied uniformly across all models, including the

baselines, to ensure a fair comparison. To guarantee valid and parsable output, we utilize

structured prompting to compel the model to generate glitch descriptions paired with their

corresponding timestamps.

Experiments were conducted using A100s (80GB) or H200s (141GB) GPUs for open-source

models, and API calling for proprietary models.

5.1.3 Baseline Models

We evaluate both open-source and proprietary models.

1. Proprietary Models
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(a) gpt-4o-mini [14], a small model with superior textual intelligence and multimodal

reasoning developed by OpenAI.

(b) gemini-2.0-flash [8], it surpasses the response speed of the previous generation

model by two times and supports both multimodal input and output.

(c) claude-3.5-haiku [3], is the next generation of our fastest model. For a similar

speed to Claude 3 Haiku, Claude 3.5 Haiku improves across every skill set and

surpasses even Claude 3 Opus, the largest model in our previous generation, on

many intelligence benchmarks.

(d) nova-lite-v1 [1], is a low-cost multimodal model that is lightning fast for processing

images, video, documents and text.

2. Open-source Models

(a) Qwen2.5-VL 3B/7B Instruct [4], the latest flagship model of Qwen vision-language

series, which demonstrates significant advancements in both foundational capabil-

ities and innovative functionalities, especially in visual recognition and long-video

comprehension.

(b) Intern2.5-VL 4B/8B [6], an advanced series of MLLMs that builds upon the

foundational framework of InternVL 2.0, simultaneously introduces substantial

improvements in both training and testing methodologies, as well as an elevated

standard of data quality.

(c) Kimi-VL-A3B-Instruct [19], an efficient open-source Mixture-of-Experts (MoE)

vision-language model (VLM) that offers advanced multimodal reasoning, long-

context understanding, and strong agent capabilities.

(d) UI-TARS-1.5-7B [15], an open-source multimodal agent built upon a powerful

vision-language model. It is capable of effectively performing diverse tasks within
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virtual worlds.

(e) LLaVA-OneVision-7B [9] is the first single model that can simultaneously push

the performance boundaries of open LMMs in three important computer vision

scenarios: single-image, multi-image, and video scenarios.

(f) InternVideo2_5-8B [21] is a new version of InternVideo series model with a focus

on enhancing the original MLLMs’ ability to perceive fine-grained details and

capture long-form temporal structure in videos.

5.2 Results

This section mainly presents the evaluation performance of various baselines and our frame-

work on our benchmark. In Sec. 5.2.1, we present the performance of all baselines and

compare them with our framework. In Sec. 5.2.2, we analyze the impact of different mod-

ules and hyperparameters.

5.2.1 Main Results

Baseline Performance Analysis The evaluation results of baseline models on our bench-

mark are demonstrated in Table 5.2. A recurring issue is evident in the performance results:

notably low precision scores. This arises from the generation of numerous low-scoring or even

zero-scoring glitch descriptions, often accompanied by substantial hallucinations regarding

temporal understanding. For instance, the model may report abnormal phenomenon about

vehicle’s explosion in the video where no vehicle-related issues are present, indicating a

misinterpretation of the content, as shown in Figure 5.1.
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Model Description Generation Temporal Grounding

Precision (%) Recall (%) F1 (%) mIoU F1 × IoU (%)

Proprietary Models

gemini-2.0-flash 18.36 25.35 21.29 0.44 10.55
gpt-4o-mini 12.33 32.36 17.86 0.35 6.20
claude-3.5-haiku 21.66 32.54 26.01 0.47 12.91
nova-lite-v1 6.66 23.77 10.41 0.28 2.98

Open-source Models

Qwen2.5-VL-3B-Instruct 11.08 26.53 15.63 0.31 4.81
Qwen2.5-VL-7B-Instruct 10.41 14.74 12.20 0.30 4.11
InternVL2_5-4B 8.62 22.93 12.53 0.18 1.92
InternVL2_5-8B 11.90 23.36 15.77 0.25 4.06
Kimi-VL-A3B-Instruct 3.90 16.29 6.29 0.24 1.67
UI-TARS-1.5-7B 19.08 24.93 21.62 0.40 9.11
LLaVA-OneVision-7B 5.9 19.5 9.06 0.26 2.18
InternVideo2_5-8B 17.8 20.13 18.9 0.29 5.85

Table 5.2: Baseline Models Comparison

Figure 5.1: Ground Truth: Dead body lying on the road slides rapidly. Prediction: An
unexpected bullet hits the player’s vehicle, causing it to explode.
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Model Description Generation Temporal Grounding

Precision (%) Recall (%) F1 (%) mIoU F1 × IoU (%)

Proprietary Models

gpt-4o-mini 12.33 32.36 17.86 0.35 6.20
+GlitchAgent 44.69 43.91 44.30 0.56 25.78

Open-source Models

Qwen2.5-VL-3B-Instruct 11.08 26.53 15.63 0.31 4.81
+GlitchAgent 33.21 26.72 34.88 0.56 19.83

Qwen2.5-VL-7B-Instruct 10.41 14.74 12.20 0.30 4.11
+GlitchAgent 28.04 19.10 22.73 0.53 12.48

InternVL2_5-4B 8.62 22.93 12.53 0.18 1.92
+GlitchAgent 27.03 22.49 24.55 0.54 13.89

InternVL2_5-8B 11.90 23.36 15.77 0.25 4.06
+GlitchAgent 32.57 35.06 33.30 0.54 18.68

UI-TARS-1.5-7B 19.08 24.93 21.62 0.40 9.11
+GlitchAgent 24.99 27.21 26.05 0.54 14.28

LLaVA-OneVision-7B 5.9 19.5 9.06 0.26 2.18
+GlitchAgent 28.24 20.87 24.01 0.55 13.63

Table 5.3: Baseline models performance compared with adding our framework.
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Table 5.4: Comparison of baseline, GlitchAgent, and ground truth results.

Video Baseline GlitchAgent Ground Truth

Prediction 1: Entity ap-
pears to float above
the ground unexpectedly.
(5–10s)
Prediction 2: Entity
rapidly changes direction
without animation. (10–
14s)

Prediction 1: …, the
creature (likely a Tricer-
atops) exhibits an ab-
normal behavior where
it appears to be fly-
ing or levitating off
the ground, …suggests a
glitch in its animation
or physics engine, as it
should be running along
the ground instead of be-
ing airborne. (0s-14s)

After the player kills
the Triceratops …it starts
to levitate unrealistically,
ascending into the air
and moving horizontally
…it defies the expected
physics of the game world
…(2s-14s)

Our Method Table 5.3 shows a comprehensive comparison of baseline performance with

and without the GlitchAgent framework in various private and public vision-language models.

It can be observed from the experimental result that the GlitchAgent framework significantly

benefits description generation and temporal grounding tasks, with the F1 score improving by

13.17 on average, mIoU by 0.25 on average, and F1×IoU by 12.31 on average. In particular,

proprietary models such as gpt-4o-mini show a notable improvement in the F1 score for

description generation, going from 17.86% to 44.30%, and corresponding temporal grounding

performance with an mIoU improvement from 0.35 to 0.56 and F1×IoU improvement from

6.20% to 25.78%. Similar trends can be seen among open-source models; in particular, the

F1 score of Qwen2.5-VL-3B-Instruct increased from 15.63% to 34.88%, and the F1×IoU

even surged fourfold, from 4.81% to 19.83%. Moreover, all evaluated models observe the

GlitchAgent framework as a blessing, with almost all other metrics (precision, recall, F1,

mIoU) consistently increasing. These results shed light on the success and generalizability of

our proposed method and provide insight into its potential to improve description generation

correctness and temporal localization across varied multimodal models.

Table 5.4 shows a qualitative comparison demonstrating the greater analytical capacities
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of the GlitchAgent with regards to the baseline. The baseline model announces two sepa-

rate and temporally disjointed events: an entity “floating” from 5 to 10 seconds and then

rapidly changing direction between 10 and 14 seconds. Though on the surface, there may

be some truth in this statement, it is rather fragmented and lacks depth because it fails to

comprehend these as two perspectives of a single continuous underlying issue. GlitchAgent

is capable of a more holistic and insightful analysis, correctly merging the two observations

into one event spanning from 0 to 14 seconds. Furthering the description with crucial contex-

tual data, GlitchAgent identifies the entity as a “Triceratops” and attributes the anomalous

behavior of “flying or levitating” to an equally plausible cause, i.e., a “glitch in its anima-

tion or physics engine.” In essence, this elaborate interpretation very closely agrees with

the human-annotated ground truth, which similarly describes this event as a creature that

“levitate[s] unrealistically” or “defies the expected physics.” In essence, this example il-

lustrates GlitchAgent’s ability to move beyond simple event detection capabilities into a

more advanced understanding of in-game anomalies that are contextually aware and mirror

human-like causal reasoning.

5.2.2 Ablation Studies

Impact of Sampling Rate

To check for temporal resolution influence, we conduct an ablation by changing the frame

sampling rate, as shown in Table 5.5. Four rates such as 2.0, 1.0, 0.5, and 0.25 FPS are

researched to shed light on how much each model respond to temporal granularity with

greater resolution.

The baseline Qwen2.5-VL-3B-Instruct model does not benefit from higher frame rates. Its

F1 score for description generation fluctuates without a clear upward trend, and does not
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Model FPS Description Generation Temporal Grounding

Precision (%) Recall (%) F1 (%) mIoU F1 × IoU (%)

Qwen2.5-VL-3B-Instruct

2.0 10.11 24.85 14.37 0.35 5.06
1.0 11.08 26.53 15.63 0.31 4.81
0.5 10.81 24.65 15.03 0.29 4.52
0.25 11.38 23.30 15.29 0.28 4.16

Qwen2.5-VL-3B-Instruct + GlitchAgent

2.0 31.75 39.76 35.31 0.55 19.66
1.0 33.21 26.72 34.88 0.56 19.83
0.5 33.17 33.32 33.25 0.53 18.00

Table 5.5: Performance comparison of Qwen2.5-VL-3B-Instruct based on different sampling
rates.

improve at the highest sampling rate of 2.0 FPS. The model’s localization accuracy, measured

by mIoU, steadily decreases as the sampling rate drops—from 0.35 at 2.0 FPS to 0.28 at 0.25

FPS—It aligns with intuition, as the lower the FPS, the greater the time interval between

adjacent frames, resulting in more temporal information lost.

In contrast, our proposed method (Qwen2.5-VL-3B-Instruct + GlitchAgent) exhibits con-

sistently strong performance as the frame rate increases, which proves that our method

enhances the model’s utilization of more detailed information. The F1 scorereach its highest

values at 2.0 FPS while the mIoU and joint F1 × IoU metric reach their highest values at

1.0 FPS, indicating that the model can fully capitalize on denser temporal input to enhance

both descriptive quality and temporal localization. Notably, at reduced sampling rates, the

expected trade-off between Precision and Recall emerges: Precision declines slightly while

Recall increases; however, the model maintains robust localization accuracy, with mIoU

holding steady at 0.53–0.56.

Hence, the results demonstrate that our approach benefits from increasing the frame density

to translate the fact into a very good performance, something the baseline model can never

do. The results show that 2.0 FPS can provide the best tradeoff between event detection

and temporal localization accuracy with our methodology.
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Impact of Window Size

Model Window Size Description Generation Temporal Grounding

Precision (%) Recall (%) F1 (%) mIoU F1 × IoU (%)

Qwen2.5-VL-3B-Instruct+GlitchAgent
4 27.65 38.45 32.16 0.55 18.42
8 31.41 39.19 34.87 0.55 19.41
16 33.21 26.72 34.88 0.56 19.83

Table 5.6: Performance of Qwen2.5-VL-3B-Instruct+GlitchAgent with varying window sizes.

Our ablation tests investigate how the temporal context length influences the model’s be-

havior based on the window size of the inputs. Window sizes of 4, 8, and 16 frames are

tested with the performances reported in Table 5.6.

Table 5.6 shows a definite trend with respect to the changes in the context length. When

the window increases from 4 to 16, a corresponding improvement in Precision is evident-

from 27.65% up to a maximum of 33.21%. This indicates that a higher temporal context

facilitates its model to come up with more confident and accurate event descriptions. On

the other hand, Recall is highest at windows of size 8 (39.19%) and falls at 26.72% for size

16, indicating a possible trade-off where longer contexts might fail to spot shorter events in

favor of more prominent ones.

The model is therefore most effectively summarizing all performances for a window size of

16. This window size produces the highest description generation F1 score (34.88%), the

best temporal localization mIoU (0.56), and the highest combined F1 × IoU score (19.83%).

Although the F1 score at window size 16 is almost the same as that at window size 8 (34.87%),

given that it performs much better on temporal grounding metrics, it is the clear choice for

the best option. For this reason, future experiments with our method will use window size

16 as the default, given that it provides the best trade-off of description generation and

temporal grounding accuracy.
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Importance of Temporal Propagation

Model mIoU
gpt-4o-mini+GlitchAgent 0.56

w/o propagation 0.35
Qwen2.5-VL-3B-Instruct+GlitchAgent 0.56

w/o propagation 0.31
Qwen2.5-VL-7B-Instruct+GlitchAgent 0.53

w/o propagation 0.30
InternVL2_5-4B+GlitchAgent 0.54

w/o propagation 0.18
InternVL2_5-8B+GlitchAgent 0.54

w/o propagation 0.25
UI-TARS-1.5-7B+GlitchAgent 0.54

w/o propagation 0.40
LLaVA-OneVision-7B+GlitchAgent 0.55

w/o propagation 0.26

Table 5.7: Comparison of mIoU with and without temporal propagation across different
models.

To demonstrate the critical role of our proposed temporal propagation mechanism, we con-

ducted an ablation study across seven different backbone models. As presented in the ac-

companying table, we compare the temporal grounding performance of our full GlitchAgent

against a variant where the propagation mechanism is disabled (w/o propagation).

The results unequivocally highlight that the temporal propagation mechanism is indispens-

able for accurate temporal localization. Across all tested models, its removal leads to a sub-

stantial degradation in the mIoU. The most dramatic drop is observed with the InternVL2_5-

4B backbone, where the mIoU plummets from 0.54 to 0.18—a relative reduction of 66.7%.

Similar significant decreases are seen with other models; for instance, the mIoU for LLaVA-

OneVision-7B is more than halved, falling from 0.55 to 0.26 (a 52.7% relative decrease), and

for Qwen2.5-VL-3B-Instruct, it drops from 0.56 to 0.31.

The massive degradation in performance implies that these models analyze the video seg-
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Table 5.8: Comparison of GlitchAgent, w/o propagation results.

Video GlitchAgent w/o Propagation Ground Truth

Prediction 1: The
dragon-like creature
appears to be floating
or hovering in the sky
after being killed without
any apparent means of
support. This defies
the expected physics of
the game. (0s-14.5s)
IoU=0.9

Prediction 1: The
dragon-like creature
appears to be floating
or hovering in the sky
after being killed without
any apparent means of
support. This defies
the expected physics
of the game. (2.0-3.5s)
IoU=0.11

The Argentavis remains
hovering in the air af-
ter being killed, instead
of falling to the ground
as expected due to grav-
ity. After that, it fell
to the ground stuttering.
This suggests a glitch in
the game’s physics en-
gine where the creature is
not responding to grav-
itational forces properly.
(1s-15s)

ments in isolation and, hence, miss the very temporal context needed to follow the full

duration of an event. Our method ensures that consecutive windows of analysis are bridged

so that the state may be maintained, allowing the model to align with the initial and end

times of events that stretch over two or more segments. Provided that these improvements

are consistent and massive across variants of model architectures, temporal propagation

presents itself as a very fundamental and resilient ingredient underpinning our approach,

required for high-performance temporal groundings.

To shed light on the irreplaceable involvement of the propagation module in GlitchAgent, a

dedicated ablation study was conducted, with the results compared in Table 5.8. It analyzed

one specific in-game glitch, where the glitch makes a creature defy physics by adequately

hovering in the air post death. Our full GlitchAgent model offers a very efficient performance

that correctly places the start of the glitch in a continuous interval from 0 to 14.5 seconds,

with an IoU of 0.90 with the ground truth. Conversely, without the propagation module, the

model completely collapses in terms of temporal grounding. The ablated one only temporally

grounds a small fragment, about 1.5 seconds, of the full event with a much smaller IoU of

0.11. Such a difference points out the utmost importance of the propagation module for
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temporal grounding. The whole base model can place simply one point of the anomaly;

however, with the propagation, the agent can track the duration of the glitch states. This

result demonstrates how propagation transforms the task from an open-ended detection

problem into a targeted verification query, enabling complete and accurate segmentation of

the entire glitch event.

5.2.3 Discussion

Limitations in Architecture

Several limitations face the current method despite unseen performance gains we have demon-

strated in our experiments. Firstly, video segmentation is carried out such that there is a

fixed window size, ws: with this construction, the GlitchAgent only analyses and outputs

detections in discrete local windows. Thus, it cannot accurately perceive temporal dynamics

that occur across the boundaries of two windows. For example, a glitch event initiated by in-

terference in the last few frames of one window and finishing in the first few frames of another

window may well be missed by the GlitchAgent. Secondly, while the propagation mecha-

nism works well in the duration propagation of glitches, it can only operate at a window level

rather than a more desirable frame level. Its coarse granularity places an inherent bottleneck

on its performance, as shown in our experimental results where the mIoU score stagnates

at around 0.55. The GlitchAgent results in Table 5.4 illustrate these two limitations. First,

GlitchAgent fails to detect a minor event, “After the player kills the Triceratops.” This is

due to the fact that the event lies precisely at the boundary of two consecutive analysis

windows. Second, GlitchAgent’s temporal precision is limited by its window-based analysis:

the agent can localize temporally only as far as the start of the window (0s), so it cannot

resolve to the more precise ground truth start time (2s).
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Despite the aforementioned issues, optimizing glitch detection under the premise of training-

free is better achieved using a window-based method on current MLLMs than inputting all

frames of a complete video simultaneously.

Limitations in Annotation

Creating a ground-truth dataset for game glitches through manual annotation of gameplay

videos suffers from some inherent limitations in terms of glitch description and temporal

localization. A primary issue concerns the reliance on mere visual data that limits truly

logic-based glitches. Anomalies stemming from internal states of the game, such as incorrect

inventory calculation or flawed quest logic, frequently do not have salient visual correlates.

Therefore, they are often very difficult for human annotators to label and almost impossible

for any learning-based system founded on vision to identify, thus resulting in the underrepre-

sentation of significant glitch categories. In addition to that, temporal boundary annotation

(start and end timestamps) is subject to the impreciseness and subjectivity of the anno-

tator. Inter-annotator disagreement remains quite significant when it comes to the exact

span of the causal chain, even when a predefined set of guidelines has been laid down that

requires the annotators to specify what causes and what effects a given glitch. This means

one can guarantee the short manifestation of the glitch is definitely captured, but one has

a very coarse assumption of the time accuracy largescale around seconds, which introduces

ambiguity in the downstream training and evaluation of glitch detection systems.

Similar Task: Anomaly Detection

The proposed task of detecting game glitches in videos shares with anomaly detection in

videos some basic fundamental concepts while posing different challenges. At their core,
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they are all temporal localization problems for atypical events that deviate from a normative

pattern. Both require models not merely to identify an atypical event but also to provide pre-

cise timestamp entries for the commencement and termination of the event within a longer

video sequence. Besides, both require some degree of semantic awareness to sift between

anomalies that do have significance and mere trivial variations. However, the core difference

stems from the scope and cardinality of the solution. Very often, a conventional anomaly

detector is laid out as a single-instance localization problem, thereby single-mindedly search-

ing for one primary anomalous event, like a car crash, to be able to conclusively describe

it. Our glitch detection, on the other hand, is a multiple-instance problem that requires a

system to find and describe each glitch in a video exhaustively as a single gameplay session

can contain many different, unintended behaviors. Another fact is that video game glitches

can be more complex and difficult to be detected, since anomalies can be detected by sin-

gle frames, glitches need temporal context. In addition, current state-of-the-art methods

in anomaly detection heavily rely on fine-tuning with large-scale well-annotated datasets,

which is difficult to apply to the glitch detection task under the current lack of dataset.
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Conclusions

This thesis takes on the monumental challenge of automating QA in the video game industry:

a process that presently suffers from being slow, expensive, and incompletely manual. It is

assumed that detecting video game glitches from gameplay footage is a complicated task: it

lacks annotated data, needs temporal context for its identification, and in practice requires

pinpoint temporal localization. To solve this, the work presents a solution consisting of a

new dataset, an elaborate detection framework, and a more rigorous metric to push the

state-of-the-art in automatic video glitch detection.

With the conclusion, the main contributions and highlights of this research are briefly sum-

marized. We will outline the implications this work holds for game development and auto-

mated testing in the future while being rather critical of the limitations of our approach and

introducing several interesting avenues for future work.

6.1 Summary of Key Findings

The primary contributions of this thesis are threefold, each designed to tackle a specific chal-

lenge in the field. Our experimental results have validated the effectiveness of our approach,

leading to several key findings:

• The GlitchAgent framework significantly enhances MLLM performance for

45
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glitch detection. Our experiments demonstrated that by decomposing the mono-

lithic task of analyzing a long video into a multi-stage process—window-based hy-

pothesis generation, temporal propagation, and canonical description synthesis—we

can substantially improve the performance of various MLLM backbones. Specifically,

our method consistently boosts detection precision by mitigating model hallucination

and dramatically improves temporal grounding accuracy (mIoU) compared to naive,

end-to-end prompting on the same models.

• Temporal propagation is essential for accurate localization. Our ablation

studies revealed that the temporal propagation mechanism—using verified glitch “an-

chors” to trace the full duration of an event—is a cornerstone of our framework’s suc-

cess. Disabling this component resulted in a catastrophic drop in temporal grounding

performance across all tested models, confirming that an isolated, window-by-window

analysis is insufficient for capturing the complete timeline of a glitch. Our method

effectively bridges these temporal gaps to produce a contiguous and accurate event

timeline.

• The LLM-Judged Glitch Detection Score (GDS) offers a more human-

aligned evaluation. We identified critical flaws in traditional metrics like SODA

when applied to glitch detection, namely their reliance on lexical similarity (e.g., ME-

TEOR) and temporally-greedy matching. Our proposed GDS metric, which uses an

LLM-as-judge for semantic scoring and a globally optimal matching algorithm, proved

to be far more robust. It showed a significantly higher correlation with human judg-

ment, providing a more reliable and nuanced assessment of a system’s ability to gen-

erate semantically correct and temporally precise glitch reports.

• The VideoGlitch dataset provides a new, challenging benchmark for the

community. To facilitate this research, we created and introduced VideoGlitch,
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the first large-scale dataset for open-ended glitch detection featuring detailed, nat-

ural language descriptions and precise temporal annotations. Its creation through a

semi-automated pipeline demonstrates a scalable method for generating high-quality

data in specialized domains. This dataset will enable future research and provide a

standardized benchmark for comparing different approaches.

6.2 Limitations

Despite its promising results, this work is not without its limitations, which offer clear

avenues for future improvement:

• Dependence on Backbone MLLM Capabilities: The performance of GlitchA-

gent is fundamentally bound by the visual and reasoning capabilities of its underlying

MLLM. While our framework improves the performance of all tested models, it cannot

create knowledge that the backbone model does not possess. Errors in the MLLM’s

core understanding can still propagate through the system.

• Computational Expense: The multi-stage nature of GlitchAgent, which involves

multiple LLM inference calls for a single video (hypothesis generation, propagation,

and synthesis), is computationally expensive and slow. It is not suitable for real-time

analysis in its current form and may be cost-prohibitive for very large-scale deployment

using proprietary model APIs.

6.3 Future Research Directions

Based on the findings of this thesis, we propose the following avenues for future research:
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• Development of Specialized and Efficient Models: A plausible next step could

be training more efficient and better model using fine-tuning on the high-quality, well-

structured data. This model should focus on improving the understandings of temporal

dynamics.

• Multimodal Glitch Detection: Future work should go beyond video frames to

consider other data streams. Taking the auditory modality to spot sound-related

glitches should be pursued. The fusion of the system with performance telemetry

issued by the game engine-that is, frame rate logs, memory usage, and console error

outputs-would enable it to consider performance and technical glitches-right now out

of its range.

• Direct Game Engine Integration: A long-term vision for this work is to move

beyond passive video analysis and instead integrate a similar agent directly into the

game engine (through, for example, a plugin for Unreal Engine or Unity). Such an

agent would not be limited to only working with the visual outputs, but instead, would

be able to consider the underlying game state-object positions, character health, quest

flags, and so forth. This would enable the detection of an entire class of logical and

non-visual bugs with near-perfect accuracy.

• Interactive and Exploratory Agents: Finally, research may shift from passive

detection to active testing. An autonomous agent might be developed that not only

detects glitches but also actively tries to cause them. Guided by a detection model

such as GlitchAgent, this agent could learn to explore game mechanics and environ-

ments most likely to expose hidden errors, bringing it closer to a truly automated and

intelligent QA partner.
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Appendix A

Dataset Details

A.1 Statistics

Table A.1: Number of Videos by Genre and Sub-Genre

Genre Video Num Sub-Genre Video Num

Action 530

Survival 70
Platform 69
Action adventure 68
Shooter 69
Battle royale 78
Stealth 69
Fighting 66
Rhythm 11
Wargame 30

Simulation 259

Vehicle simulation 67
Construction & management 66
Sports 65
Life simulation 61

RPG 116

Action RPG 69
Dungeon crawl 20
Roguelike 8
MMORPG 19

Adventure 10 Interactive film 10
Puzzle 43 - 43

Strategy 52 Real-time tactics (RTT) 28
Turn-based strategy 24
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Table A.2: Game Genres and Video Numbers

Genre Sub-Genre Game Name Video Num

Action

Survival ARK - Survival

Evolved

10

DayZ 10

Dying Light 10

Sony The Last of Us

Series

10

State of Decay 2 10

Subnautica 10

Wreckfest 10

Platform A Hat in Time 10

Clustertruck 10

Fall Guys - Ultimate

Knockout

10

Roblox 10

Super Bunny Man 10

Super Mario Sunshine 10

Trials Fusion 10

Action adventure Assassin’s Creed

Odyssey

10

Continued on next page
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Genre Sub-Genre Game Name Video Num

Batman - Arkham

Knight

10

Grand Theft Auto V 10

Just Cause 3 10

Star Wars Jedi -

Fallen Order

10

The Legend of Zelda -

Breath of the Wild

10

Watch Dogs 2 10

Shooter Battlefield 4 10

Call of Duty - Modern

Warfare

10

Counter-Strike -

Global Offensive

10

Destiny 2 10

Far Cry 5 10

Half-Life - Alyx 10

Tom Clancy’s Rain-

bow Six Siege

10

Battle royale Apex Legends 20

Fortnite 20

PUBG MOBILE 19

Continued on next page
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Genre Sub-Genre Game Name Video Num

PlayerUnknown’s

Battlegrounds

10

Z1 Battle Royale 10

Stealth Dishonored 2 20

Hitman 2 20

Metal Gear Solid V -

The Phantom Pain

20

The Greatest Penguin

Heist of All Time

10

Fighting Chivalry - Medieval

Warfare

10

EA Sports UFC 2 10

For Honor 10

Gang Beasts 10

Mordhau 10

Paint the Town Red 10

WWE 2K19 10

Rhythm Skeletal Dance Party 12

Wargame World of Tanks 30

Simulation

Vehicle simulation BeamNG.drive 10

Continued on next page
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Genre Sub-Genre Game Name Video Num

Euro Truck Simulator

2

10

Forza Horizon 4 10

Kerbal Space Program 10

Star Citizen 10

The Crew 10

War Thunder 10

Construction and

management simu-

lation

Astroneer 10

Besiege 10

Cities - Skylines 10

Minecraft 10

No Man’s Sky 10

Poly Bridge 10

Space Engineers 10

Sports F1 2020 10

FIFA 21 10

NBA 2K20 10

NHL 20 10

Rocket League 10

Skate 3 10

Steep 10

Life simulation Farming Simulator 13

Continued on next page
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Genre Sub-Genre Game Name Video Num

Farming Simulator 19 15

Goat Simulator 18

The Sims 4 20

RPG

Action RPG Cyberpunk 2077 10

Dark Souls III 10

Dragon Age - Inquisi-

tion

10

FINAL FANTASY

XV

10

Fallout 4 10

The Elder Scrolls V -

Skyrim

10

The Witcher 3 - Wild

Hunt

10

Dungeon crawl Exanima 20

Roguelike Noita 10

MMORPG World of Warcraft 19

Adventure Interactive film Detroit - Become Hu-

man

10

Puzzle Human - Fall Flat 30

Portal 2 17

Continued on next page
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Genre Sub-Genre Game Name Video Num

Strategy
Real-time tactics

(RTT)

Totally Accurate Bat-

tle Simulator

30

Turn-based strat-

egy

XCOM 2 30



Appendix B

Prompts

B.1 Pseudo Annotation Prompt

Pseudo Annotation Prompt

You are an expert in game testing. You will use your professional knowledge to analyze

unnatural phenomena that appear in game videos to determine whether there are any

game glitches.

Context

These are some keyframes from a video that I want to upload. The indexes of these

frames begin from 0.

{Contextual frame info here}

{Reddit context info here}

Objective

The video should already be divided into several segments; the given video is a segment

of a longer video.

Each segment should include sampled keyframes from the video. The sampling rate is

3 frames per second.
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First, attempt to describe the detailed information within the video segment, such as

the game scene, game objects, game characters, etc.

Next, describe any abnormal phenomena; if you find any bugs, generate a bug or glitch

description. Only the bug or glitch description is needed.

Constraint

Your output should contain a detailed video segment description and a bug or glitch

description. If there is no bug or glitch, state clearly: “No bug or glitch found in this

video segment.”

Response

Your output should be a dictionary in JSON format. An example looks like this:

{

"segment_description": "detailed description of the segment",

"bug_description": "bug description"

}

B.2 LLM-Judged Glitch Detection Score Prompt

LLM-Judged Glitch Detection Score Prompt

You are an expert in video glitch analysis. Your task is to evaluate the quality of a

predicted description based on the given ground truth glitch description, focusing on

the accurate identification/detection of the glitch.

Ground Truth Description:
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[gt]

Predicted Description:

[pred]

Instructions:

- Rate the quality of the predicted description on a scale from 0 to 5, using

the following criteria:

- 0: No quality. - The predicted description is completely unrelated to the ground

truth. - The descriptions refer to entirely different events or glitches. - The predicted

description is irrelevant or nonsensical in the context of the glitch.

- 1: Very low quality. - The predicted description mentions some elements, but they

are incorrect or irrelevant. - Key details about the glitch are missing or inaccurately

described. - The descriptions have minimal overlap in content or context.

- 2: Low quality. - The predicted description includes minor aspects related to

the glitch but misses the main behavior. - Important elements are absent or signifi-

cantly misrepresented. - The description has some relevant terms but lacks context or

specificity.

- 3: Moderate quality. - The predicted description identifies the general type of

glitch but lacks significant details. - Some key behaviors or elements are mentioned,
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but important specifics are missing. - The description captures part of the glitch but

omits certain actions or effects.

- 4: High quality. - The predicted description captures the main glitch and includes

most key details. - Minor differences exist (e.g., general terms used instead of specific

names), but the overall glitch is accurately described. - The description reflects the

primary behaviors and impacts of the glitch on the game experience.

- 5: Nearly identical. - The predicted description accurately identifies the glitch

with all key details matching the ground truth. - There are no significant differences;

both descriptions refer to the same event with similar specificity. - The description

includes all important behaviors, entities involved, and impacts on gameplay.

- Provide a brief reasoning before your answer, focusing on:

- How well the predicted description matches the ground truth in identifying the glitch.

- Specific similarities or differences in the behaviors, entities involved, and details

mentioned. - The impact of any missing or additional information on the accuracy of

the glitch identification.

- Output Format:

Please provide your analysis and your rating in the following JSON format:

{

"reasoning": "<brief reasoning of the evaluation>",

"rating": <number from 0 to 5>

}
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