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Abstract
Modern game studios deliver new builds and patches at a rapid
pace, generating thousands of bug reports, many of which embed
gameplay videos. To verify and triage these bug reports, developers
must watch the submitted videos. This manual review is labour-
intensive, slow, and hard to scale. In this paper, we introduce an
automated pipeline that reduces each video to a single frame that
best matches the reported bug description, giving developers instant
visual evidence that pinpoints the bug.

Our pipeline begins with FFmpeg for keyframe extraction, reduc-
ing each video to a median of just 1.90% of its original frames while
still capturing bug moments in 98.79% of cases. These keyframes
are then evaluated by a multimodal large language model (GPT-4o)
with visual and text capabilities, which ranks them based on how
well they match the textual bug description and selects the most
representative frame. We evaluated this approach using real-world
developer-submitted gameplay videos and JIRA bug reports from a
popular First-Person Shooter (FPS) game. The pipeline achieves an
overall F1 score of 0.79 and Success of 0.89 for the top-1 retrieved
frame. Performance is highest for the Lighting & Shadow (F1 = 0.94),
Physics & Collision (0.86), and UI & HUD (0.83) bug categories, and
lowest for Animation & VFX (0.51).

By replacing video viewing with an immediately informative
image, our pipeline supports the visual confirmation step of the
bug triaging process, offering practical benefits to quality assurance
(QA) teams and developers across the game industry.

CCS Concepts
• Software and its engineering→Maintaining software.
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issue reports, bug frame retrieval, gameplay video analysis, multi-
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1 Introduction
The rapid evolution of digital gaming has led to video games be-
coming increasingly complex software systems. As developers
and testers engage with these systems, they encounter and re-
port thousands of bugs. Among these, visual bugs can be particu-
larly impactful, as they can significantly degrade the player experi-
ence. Prior work in traditional software development has shown
that reviewing large volumes of bug reports is tedious and time-
consuming [5, 9, 17, 42, 52]. For games, this challenge is further
amplified by the inherently visual nature of bugs. Reports often in-
clude gameplay videos to convey issues that are difficult to describe
in text alone. For example, visual bugs such as missing textures,
lighting glitches, or character clipping are better presented in a
visual manner.

Prior studies have shown that augmenting bug reports with
screenshots [6, 47, 50], animated GIFs [12], or videos [9, 33] can im-
prove reproducibility and reduce fix times. The added visual context
enables developers to more quickly understand, confirm, and pri-
oritize issues. However, this benefit comes at the cost of increased
review time: videos in bug reports often do not pinpoint the bug
moment directly, instead including surrounding gameplay context.
As a result, bug moments can be difficult to locate, especially when
they occur for only a short moment.

In our industrial setting, quality assurance (QA) reviewers al-
ready know that a bug exists once a report and video have been
submitted. However, they often either (i) manually review the entire
video to visually confirm the issue, or (ii) skip this visual confir-
mation step. Our goal in this work is therefore not to replace the
full bug triaging process, but to make this quality-assessment step
more efficient by surfacing a representative bug frame.

Recent advances in computer vision and natural language pro-
cessing have enabled new methods for automated video under-
standing. In particular, multimodal large language models (MLLMs),
such as GPT-4o, Claude, Gemini, and LLaVA, can jointly interpret
visual inputs and textual prompts [2, 14, 23, 36]. These models
show strong potential to automate tasks traditionally performed
by humans, including identifying visual anomalies and verifying
gameplay bugs [43, 45, 46].

In this study, we present a novel pipeline (shown in Figure 1)
that leverages an MLLM to assist with the bug confirmation step
of bug report triage. Our approach reduces each bug report video
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Bug frames retrieved in gameplay video by GPT-4o

. . . . . .

000030.jpg 000031.jpg 000075.jpg

Prompt: Find the frame that matches the bug description.
Bug description: Visual bug when Wraith finisher gets interrupted by the portal animation.

GPT-4o: Based on the provided frames and prior explanations, frames 000031.jpg, 000032.jpg, and 000065.jpg clearly show the
gameplay scenario where the portal animation appears clipped and blocks the player’s view, and the visual evidence of the bug is most

likely observable. These frames are ranked in descending order of clarity and relevance to the bug description.

Figure 1: Examples of bug frames identified and retrieved in gameplay video sourced from reddit [40]. The prompt is for
demonstration only; the actual prompt design is discussed in a later section.

to a single, automatically selected frame that best represents the
described bug, enabling triagers to quickly confirm a reported bug.
Our approach leverages:

• Keyframes (snapshots in gameplay videos that capture ma-
jor visual changes) are used as a down-sampling method to
extract important frames from videos. These keyframes are
inserted by video encoders and often coincide with major
scene transitions, either based on abrupt visual changes (e.g.,
rendering glitches, camera shifts) or fixed intervals [1, 20, 22].
This makes them a natural choice for gameplay analysis, al-
lowing us to reduce the video to only 1.90% of its frames
while preserving most visually distinct moments.

• An Multimodal LLM (GPT-4o [36]) ranks the extracted
keyframes against the bug description and returns the single
frame most likely to depict the reported problem.

We focus on the following research questions:
RQ1: How accurately can keyframes represent bug mo-

ments in gameplay videos? To ensure that keyframes can indeed
capture bug moments, we evaluated keyframe-based extraction
using FFmpeg [1]. We found that this approach retained at least
one bug frame in 98.79% of videos while sampling only 1.90% of all
frames (with approximately 10 keyframes per video and an average
of 4.79 keyframes that represent the bug). Thus, keyframe extrac-
tion offers an efficient down-sampling strategy that still preserves
the most representative frames of a visual bug.

RQ2: How accurately can an MLLM retrieve bug frames
from a set of keyframes given a bug description? A retrieval
system must reliably extract the relevant frame that captures the
bug from this potentially noisy and varied input. We evaluated
our pipeline on 350 videos and achieved an overall 89% Success@1
and F1@1 score of 0.79 for the top returned frame. The pipeline
performs best on Lighting & Shadow (F1 = 0.94), Physics & Collision
(0.86), and UI & HUD (0.83). This shows that the MLLM can usually

retrieve a representative bug frame and thus greatly reduce the
effort developers spend reviewing video footage.

RQ3: How consistent is bug frame retrieval by an MLLM
across repeated runs? Because of the inherent non-determinism
of MLLM, it is important to evaluate the consistency of bug frame
retrieval across repeated runs. Although the overall F1 score re-
mained stable across runs (median = 0.79), variation in true and
false positives highlights the non-deterministic nature of MLLM
outputs. For 183 out of 350 videos, the retrieval outcome was con-
sistently correct across all runs. This number increases to 215 when
applying a simple majority vote over 3 runs.

The main contributions of our paper are as follows.
• We developed an automated pipeline that integrates MLLM
capabilities (GPT-4o) with video frame analysis to return a
single frame that matches a textual bug description.

• We show that keyframes from gameplay videos preserve
bug-relevant content and can be used as a source of bug
frame retrieval.

• We quantify the pipeline’s overall success, category-specific
performance, and run-to-run stability on real bug reports
from an AAA game, providing a comprehensive assessment
of its performance and reliability in bug frame retrieval.

Paper organization: Section 2 reviews related work. Section 3
introduces our pipeline, including keyframe extraction and MLLM
usage, broken down into four steps. Section 4 details the experi-
mental setup. Section 5 answers the research questions. Section 6
compares our results with prior work and discusses the limitations
of our approach. Section 7 discusses threats to validity, and Section 8
concludes our work.

2 Related Work
Driven by advancements in both data collection (automated game-
play and streamers’ footage) [3, 7, 38] and analysis techniques, in-
cluding recent progress in bug detection and retrieval [43, 45, 46, 48],
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gameplay videos are increasingly important in game quality assur-
ance. In this section, we review work in three primary areas: (1)
traditional quality assurance in games, (2) bug detection from game-
play videos, and (3) MLLM assistants for video game QA.

2.1 Traditional quality assurance in games
Game QA traditionally relies heavily on manual efforts, including
playtesting, visual inspection, and reproduction of reported issues
by dedicatedQApersonnel [9, 17, 42].While effective for identifying
critical failures such as game crashes, these workflows are highly
labor-intensive and time-consuming [5, 9, 42, 53]. In particular, bug
reports often include video recordings as supporting evidence, each
of which requires manual review and interpretation. Furthermore,
the vast number of possible game states and the non-determinism
introduced by factors such as multithreading and randomness make
exhaustive manual QA impractical for modern games [17]. These
challenges have motivated growing interest in automation and
tooling to assist various aspects of the QA process.

Our work addresses a specific pain point within this land-
scape by automating the retrieval of visually relevant frames from
gameplay videos associated with bug reports. Rather than replacing
testers, our method aims to support QA workflows by surfacing
candidate frames for inspection, reducing the need for exhaustive
manual scrubbing of video footage.

2.2 Bug detection in gameplay videos
Early studies explored the potential of mining gameplay videos
to extract information about bugs and glitches. One of the first
works in this space is by Lin et al. [25], who investigated whether
gameplay videos that showcase bug videos can be automatically
identified using publicly available metadata from online platforms
with a precision of 0.80. Building on this idea of mining gameplay
content, Guglielmi et al. [17, 18] introduced an approach to au-
tomatically extract relevant segments from gameplay videos by
partitioning videos into meaningful units based on streamer cap-
tions, shifting the timestamp by 𝑘 seconds before the video cuts, and
categorizing the detected anomalies by type and context through
Machine Learning (ML). Similarly, TrueLove et al. [48] proposed
an ML-based method to classify video segments, also split based
on video transcript, as buggy or non-buggy, and analyzed visual
features that correlate with bug occurrences. Guglielmi et al. [16]
introduced HASTE, a tool designed to detect stuttering events in
gameplay videos. Azizi et al. [5] framed bug detection as an anom-
aly detection problem and leveraged Long-Short-Term Memory
(LSTM) networks to identify perceptual and behavioral bugs in
gameplay videos. By modeling temporal dependencies in video
sequences, their framework is able to flag unusual frames without
relying solely on rule-based methods.

These methods rely heavily on captions or transcripts for video
segmentation. This introduces key limitations: (1) such captions
do not exist in developer-submitted gameplay footage, and (2) the
timing of transcripts may not align precisely with the occurrence
of the visual bug, resulting in incomplete or misaligned segment
boundaries. Moreover, some techniques focus only on certain bug
types (e.g. stuttering), limiting their applicability to the broader
range of visual bugs encountered in game development.

While prior methods aim to detect visual bugs through anom-
aly classification or transcript-driven segmentation, our goal is
fundamentally different: we focus on retrieving visually rele-
vant frames from gameplay videos based on natural language
bug descriptions. To support this, we introduce a deterministic
keyframe segmentation strategy that enables frame-level analysis
without requiring captions or transcripts. Unlike prior work that
often relies on content from streamers or online platforms, our
evaluation is conducted on industrial gameplay data, making our
findings directly applicable to real-world QA workflows.

2.3 MLLM assistants for video game QA
Beyond bug detection, there is growing interest in employing
large multimodal models as vision assistants in the video game
domain [13, 19, 28]. Taesiri et al. [46] show promising results by
leveraging zero-shot transfer capabilities of the Contrastive Lan-
guage Image Pre-Training (CLIP) model to query bug images. They
also introduced VideoGameBunny [43], a model fine-tuned on
extensive video game image datasets and associated instruction
pairs, demonstrating an improved understanding of the game con-
text and more accurate in-game responses. In subsequent work,
Taesiri et al. [44, 45] proposed several benchmark suites, including
VideoGameQA-Bench and GlitchBench, to evaluate the capabilities
of state-of-the-art MLLMs across a range of video game QA tasks.
These benchmarks assess model performance on tasks such as glitch
detection in both static images and gameplay videos, highlighting
the potential and current limitations of using large multimodal
models for bug understanding/detection in games.

Melhart et al. [29] investigate whether large language models
can capture continuous player engagement from gameplay videos.
Their comprehensive evaluation examines state-of-the-art models,
including variants of GPT-4o [36] and LLaVA [23], using one-shot
and few-shot multimodal prompting strategies. Although the study
reports that the overall accuracy of LLM-based engagement pre-
diction only marginally surpasses a majority class baseline, it high-
lights that model performance is highly sensitive to input modality,
prompting strategy, and even the specific context of the game. These
insights not only underscore the promise of integrating LLMs into
game content analysis but also reveal current limitations that moti-
vate further research in autonomous gameplay video interpretation.

While prior work has applied large language models to QA
tasks such as glitch classification or engagement prediction, our
method explores a different application: using MLLM for
frame-level retrieval guided by natural language bug descrip-
tions. Specifically, we use GPT-4o in a zero-shot setting [31, 34] to
rank keyframes based on their semantic alignment with the bug
report description. This decision aligns with constraints in our in-
dustrial setting, where QA teams prefer methods that eliminate the
need for labeled training data or supplementary example images,
thereby limiting token usage and operational costs. Additionally,
we evaluate the stability of this retrieval process via multi-run
consistency checks, a dimension not explored in previous studies.

3 Methodology
This section details our approach for bug frame retrieval in game-
play videos using MLLM. The integrated pipeline consists of four
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Gameplay video
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Figure 2: Overview diagram of our methodology (example video sourced from Reddit [40] as an illustration of the workflow).

parts: keyframe extraction, bug description summarization, bug
frame retrieval, and batch aggregation. We provide an overview of
our methodology in Figure 2.

3.1 Keyframe extraction
To reduce computational overhead while preserving bug moments
in gameplay videos, we adopt a keyframe-based down-sampling
strategy. We leverage the internal encoding structure of video files
to extract visually significant moments using keyframes.

We utilize FFmpeg [1], a widely adopted tool for multimedia
processing, to extract keyframes. In general, the original videos
uploaded by developers may be encoded using unknown settings (a
variety of resolutions and bitrates, such as 1.7Mbps or 38Mbps), and
keyframes are determined during video encoding based on various
factors [20, 22, 41], including:

• Scene change detection: A sharp shift in visual con-
tent (e.g., from one scene to another) often triggers a new
keyframe.

• Fixed interval configuration: Encoders may insert
keyframes at fixed time intervals or frame counts (e.g., ev-
ery 120 frames) in cases where no significant visual change
occurs.

As a result, keyframe frequency and distribution vary signifi-
cantly across videos due to differences in their original encoding
settings. Some videos may contain very few keyframes if encoded
with long fixed intervals or without scene change detection, which
can lead to uneven sampling and the potential omission of bug
moments. Therefore, we re-encode videos using FFmpeg to enhance
bug moment coverage through more informative keyframes. Specif-
ically, we normalize all videos using the H.264 encoder under the
medium preset. This normalization ensures that keyframes are
inserted consistently across videos.

The output of this step is a set of keyframes for each gameplay
video. The number of frames extracted varies, from a few to sev-
eral hundred (see Section 5.1), depending on the duration and how
frequently the visual content of the video changes. These frames

represent a compressed visual summary of the video, from which
at least one is expected to represent the bug described in the corre-
sponding report. These keyframes are then passed to the GPT-4o
model for visual interpretation in the following stages.

3.2 Bug description summarization
Before starting visual analysis, we first generate a concise bug de-
scription. While JIRA reports include a dedicated description field,
in our data, developers often paste large blocks of text into it, includ-
ing logs, internal tags, build information, and in-game coordinates.
These details, while useful for debugging and reproducing a bug,
are irrelevant to the task of visual bug frame retrieval and consume
valuable input tokens when passed to the MLLM.

To remove excess info in the description and reduce token usage,
we use GPT-4o to generate summaries that are concise and short
for downstream visual analysis tasks. Each generated summary
consists of two parts: (1) a concise restatement of the core issue
described in the report, and (2) a binary indication of whether the
bug is expected to produce a visible effect in the gameplay video.
The second component is critical as it allows the following stages
in the pipeline to bypass further visual processing for bugs that are
likely of a non-visual nature.

To evaluate the reliability of this binary indication, one of the au-
thors verified whether the indication correctly reflected the nature
of the bug in a random sample of 100 GPT-4o-generated summaries.
The model’s answers showed 97% agreement with human judgment.

3.3 Bug frame retrieval
For each gameplay video, the extracted keyframes are passed to
GPT-4o alongside the corresponding bug description summary. The
model is instructed to perform the following tasks:

• Return none if the bug described in the text is not visually
observable in any of the frames.

• Identify frames that visually depict the bug based on the
provided summary.
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• Rank the identified frames in descending order of how clearly
they represent the described bug.

The model is also asked to provide an explanation for its ranking,
including visual reasoning grounded in the bug description. The
response is returned in a structured JSON format with two keys:

• Explanation: A natural language summary justifying the
model’s frame selection and ranking;

• Ranking: A ranked list of frame filenames.
Due to GPT-4o’s input token limit, a maximum of 50 images can be
processed in a single chat completion [37]. While most gameplay
videos in our dataset yield fewer than 50 keyframes, a few outliers
(in our studied data, only 2 videos) exceed this threshold. To ac-
commodate such cases, we partition the extracted keyframes into
consecutive batches, preserving their original order of sequences.
This sequential grouping retains contextual continuity; for instance,
if a bug occurs immediately after a player action, the relevant batch
is likely to include both the trigger and its visual consequence. This
batching process is applied iteratively across all extracted frames
in the video. Each batch is processed independently using the same
prompt. For these 2 outlier videos, we observed that batch size had
a negligible impact on retrieval performance.

3.4 Batch aggregation
After processing all batches, we obtain multiple sets of ranked
keyframes and explanations for each batch as shown in Figure 2.
To combine these partial results and produce a final, globally con-
sistent ranking of bug-relevant keyframes, we aggregate all can-
didate keyframes from the batch-level rankings and their ratio-
nales into a single prompt and pass it to GPT-4o again, follow-
ing recent advances in which large language models can be used
as judges [10, 15, 24, 54]. The model is instructed to re-rank all
keyframes selected in each batch based on how clearly they depict
the bug described in the original JIRA description and by referenc-
ing each of the batch-level explanations.

The model’s response is returned in the same structured JSON
format as above. This step applies even if there is only one batch.

4 Experimental setup
In this section, we first describe our experimental setup and then
outline the performance metrics used in the evaluation.

Used models: We used OpenAI’s GPT-4o [36] and GPT-4o-
mini [35], accessed through API version “2024-10-21" (at the time
stable GA version) [30], as well as the open source Mistral-7B
model [32]. GPT-4o was selected for its strong performance in
vision-language tasks, particularly for detecting visual glitches in
game images [45]. GPT-4o-mini and Mistral-7B are used in the
clustering stage of our study as discussed below.

Data collection: We utilize real-world industrial game develop-
ment data logged in JIRA, a widely used platform for bug tracking,
issue tracking, and agile project management [4]. Specifically, our
data consists of internal JIRA bug reports from a popular First-
Person Shooter (FPS) game. Each report typically contains a textual
bug description and one or more short gameplay videos (usually un-
der one minute), which are submitted by developers or QA testers
to demonstrate the bug. For legal reasons, we are unable to publish
our data.

To evaluate retrieval success and category-based performance
in a consistent manner, we constructed a subset of 350 gameplay
videos as follows:

• We first summarized all JIRA bug reports from the past two
years into preliminary keyword-based clusters using the
Mistral-7Bmodel. This initial stepwith an open sourcemodel
was designed to reduce the computational cost of the GPT
model due to the large number of reports.

• While Mistral-7B was effective for initial keyword-based
clustering, it lacked the summarization quality needed to
produce concise category names. We therefore used GPT-
4o-mini to refine these clusters into seven high-level bug
categories. The final category names are shown in Table 1.

• We then sampled 2,880 JIRA bug reports from an internal
dataset collected between June and July 2025. Each sampled
report contained at least one gameplay video attachment and
was automatically assigned to one of the seven categories
based on its textual description using GPT-4o-mini.

• From each of the seven categories, we sampled 50 video
samples. One of the authors manually verified each sample
to ensure it clearly aligned with the assigned category.

• We manually annotated the keyframes in the videos as bug
or non-bug, if any. For each bug report and its associated
video(s), the first author watched the full video and read the
bug description. Then, the author labeled each keyframe as
bug or non-bug depending on whether it visually shows the
bug described in the report. This is a non-subjective task in
our setting, as the existence and nature of the bug are already
clearly stated. Note that several keyframes may represent
the bug accurately. These keyframes will serve as ground
truth frames in later evaluation.

These 350 videos are used in RQ2 and RQ3. For RQ1, a subset of
247 (manually confirmed to contain a clear visual bug) out of the
350 videos is used to evaluate keyframe extraction effectiveness, as
discussed in Section 5.1.

Performance evaluation: To evaluate the effectiveness of our
bug frame retrieval pipeline, we consider two primary use cases:
Top-1 retrieval and Top-N retrieval. These correspond to differ-
ent levels of automation in QA workflows.

• In the Top-1 retrieval use case, only the highest-ranked
frame returned by the LLM is evaluated. This use case is
aligned with scenarios where a fully automated system is
desired, for example, automatically generating bug reports
without human intervention. High precision in this setting
is essential, as the top result alone must accurately represent
the described bug.

• In the Top-N retrieval use case, we consider the first N-
ranked frames. This reflects a use case in game development
pipelines, where a human is still in the loop. For example, a
QA engineer might inspect just the top 3 ranked keyframes
to verify bugs mentioned in the report instead of watching a
full gameplay video. In such workflows, the key objective is
to ensure that at least one of the returned keyframes displays
the described bug, reducing the time required to manually
review entire videos and triage bug reports.

To assess the correctness of results returned by the MLLM, we
compute the following metrics:
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(a) Player hides underneath a rock (b) Stretched ground texture rendering (c) Placeholder UI image

(d) Scene too dark (e) Weapon floats over the character’s back (f) Game crash error

Figure 3: Six samples of visual bugs in game videos: (a) Physics & Collision, (b) Rendering & Texture, (c) Camera & UI, (d)
Lighting & Shadow, (e) Animation & VFX, (f) Game Crash & Logic. All images are captured from online sources [11].

Table 1: Bug Category Definitions and Sample Counts

Category Description #Samples

Physics & Collision Issues arising from the physics engine or collision detection
(e.g. objects/players passing through geometry).

671

Animation & VFX Problems with character or object animations and visual effects
(e.g. body distortion, particle glitches).

861

Rendering & Texture Errors in the rendering pipeline or asset texturing (e.g. missing
textures, incorrect material artifacts).

418

UI & HUD Bugs in Heads-Up Display and User-Interface elements (e.g.
HUD misalignment and UI images).

374

Lighting & Shadow Faults in scene lighting or post-process effects (e.g. incorrect
shadows, abnormally dark environment).

66

Game Crash & Logic Game crashes, incorrect game logic flows or functionality be-
havior (e.g. error messages, player rewards tracking).

295

Performance Performance degradations (e.g. Frame-rate drops, stuttering). 137
Unspecified These reports were automatically generated by scripts and did

not have categories specified.
58

Table 2: Bug frame retrieval performance by category

#Bug TP (Top N) Retrieval Outcomes Invalid Success@N F1 Score

Category Videos 1 2 3 TN FP FN (FP + TN) @1 @2 @3 @1

Physics & Collision 36 28 31 32 9 7 2 8 (5 + 3) 0.93 0.94 0.94 0.86
Animation & VFX 23 11 16 16 13 19 2 21 (14 + 7) 0.85 0.89 0.89 0.51
Rendering & Texture 32 22 27 29 8 13 0 16 (10 + 6) 1.00 1.00 1.00 0.77
UI & HUD 39 31 32 32 5 11 2 6 (6 + 0) 0.94 0.94 0.94 0.83
Performance 38 20 20 20 11 6 13 2 (1 + 1) 0.61 0.61 0.61 0.68
Lighting & Shadow 49 40 44 44 1 5 0 – 1.00 1.00 1.00 0.94
Game Crash & Logic 30 17 20 22 17 9 2 4 (3 + 1) 0.89 0.91 0.92 0.76

Overall 247 169 190 195 64 70 21 57 (39 + 18) 0.89 0.90 0.90 0.79
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10 100 1000 10000
Number of Frames (log scale)

Original frames
Keyframes

Figure 4: Total number of frames vs keyframes per video
across 247 videos in log scale (bar indicates median value)

• Success@N: The fraction of videos for which a ground
truth bug frame appears among the top 𝑁 retrieved frames.
Formally,

Success@𝑁 =
TP@𝑁

TP@𝑁 + FN
• F1 Score@1: Defined at Top-1 retrieval as:

F1@1 = 2 × TP@1
2 · TP@1 + FP + FN

where TP@1 denotes true positives at top-1.
Note: In our setup, false positives include those arising from
invalid cases, and any retrieved frame that does not corre-
spond to a valid bug frame, regardless of its rank. Therefore,
FP@1 = FP@2 = FP@3 = FP, as well as FN, are not position-
specific.

We defined the components of the confusion matrix as follows:
• True Positive (TP): The model successfully retrieved a bug
frame.

• True Negative (TN): No visual bug is present in the video,
and the model correctly returned no results.

• False Positive (FP): The model incorrectly identified a non-
bug frame as a bug frame.

• False Negative (FN): A visual bug is present in the video,
but the model failed to return any frame.

• Invalid: All keyframes extracted from the video did not
include the bug moment. In such cases, the correct model
behavior is to return no result (i.e. treated as TN if none were
returned and FP otherwise).

We define the following metrics:
• Bug coverage: The percentage of videos for which at least
one extracted keyframe depicts the ground-truth bug.

• Successful retrieval rate: The proportion of bug-
containing videos or reports where the pipeline successfully
retrieves at least one frame that matches the ground-truth
bug. Unlike Success@N, FP is included.

We release our pipeline implementation, including detailed FFm-
peg commands, prompts and configurations at [27].

5 Results
In this section, we answer our research questions.

5.1 RQ 1: How accurately can keyframes
represent bug moments in gameplay videos?

Motivation: By manually analyzing the effectiveness of keyframe-
based video segmentation, we assess whether extracting keyframes
serves as an effective down-sampling technique for preserving
bug-relevant content.

Approach: We first curated a set of 247 of the studied 350 videos
that contain visible visual bugs (bugs that can be easily spotted
without ambiguity). Each video was manually verified by one of the
authors to ensure it included at least one identifiable bug frame. This
step guaranteed that the videos actually contained valid bug frames
that could be extracted as keyframes. Second, for each video, we
manually reviewed all keyframes produced by the extraction stage
and recorded three metrics: (1) the number of failures (defined
as cases where no keyframe captured the bug), (2) the average
keyframe extraction rate (percentage of keyframes among all frames
in a video) and (3) the average number of keyframes per video
that actually show the visual bug. To assess how video encoding
configurations affect coverage, we conducted this analysis on the
videos before and after re-encoding (as described in Section 3.1).

Findings: After re-encoding, bug coverage reaches 98.79%
with a keyframe extraction rate of 1.90%. Given a median video
length of 551 frames (Figure 4), a keyframe extraction rate of 1.90%
corresponds to approximately 10 keyframes per video, of which an
average of 4.57 keyframes actually depict the bug. Figure 4 illustrates
that the number of extracted keyframes is substantially lower than
the total frame count per video. To quantify this reduction, we
computed the Wilcoxon signed-rank test (a non-parametric test
that examines whether the median paired difference𝑊 equals zero)
and the Cliff’s Delta (𝛿) effect size between the distributions of total
frames and extracted keyframes [8, 51]. The two tests yielded𝑊 = 0
and a large effect size (Cliff’s 𝛿 = 0.99). These findings demonstrate
that keyframe extraction is an effective down-sampling strategy.

Extracting keyframes from the original videos achieves
only 65.99% bug coverage at 1.10% keyframe extraction rate.
When using each video’s original format, keyframes could not be
extracted at all in 46 out of 247 videos, due to missing internal
metadata or incompatible encoder settings. In the remaining 201
videos, 38 failed to include any keyframes that depicted the de-
scribed bug. Even when excluding the 46 extraction failures, the
remaining videos yield only 81.09% coverage. On average, 1.10%
of frames were extracted per video (approximately 6 keyframes),
and only 1.93 of those keyframes, on average, showed the bug. These
results suggest that lower bug coverage in the default setting is
due to both (a) an insufficient number of keyframes extracted and
(b) complete extraction failure in some videos. Original encoders
may use long fixed keyframe intervals, low scene change sensitiv-
ity, or non-standard encoder formats that limit FFmpeg’s ability
to extract keyframes. These findings highlight the importance of
re-encoding, not just to increase keyframe density but to ensure
keyframe extraction succeeds at all.

Keyframes can accurately capture bug moments in gameplay
videos. Re-encoding developer-submitted videos can significantly
improve the keyframe extraction process.
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5.2 RQ 2: How accurately can an MLLM retrieve
bug frames from a set of keyframes given a
bug description?

Motivation: Understanding how accurately the model retrieves bug-
relevant frames from a set of keyframes provides key insight into
the practical utility of our pipeline. Specifically, it reflects how well
the model can help locate the frame that matches the given bug
description. Meanwhile, by evaluating the ability to retrieve bug
frames in different categories of bugs, we can better understand its
strengths and limitations and identify which types of visual bugs
are most suitable for this type of automated analysis.

Approach: In practice, developers often attachmultiple videos to a
single report. In our full dataset of 2,880 bug reports, approximately
35% of reports contain more than one attached video. To account
for this, we evaluated retrieval success at two levels:

• Per-video success: We evaluate the selected set of 350
videos as discussed in Section 4 and assess performance
under two retrieval settings: Top-1 and Top-N.

• Per-report success: Not every video necessarily contains
the reported visual bug, e.g. because developers may upload
videos to demonstrate correct game behavior for compari-
son. To assess performance at the report level, we randomly
selected 100 JIRA bug reports containing multiple video at-
tachments and evaluated whether our pipeline could retrieve
at least one relevant bug frame from any of the associated
videos.

We then conducted per-category analysis: Each of the 50 sam-
ples from the 7 categories (Table 1) is sent to our pipeline to obtain
ranked bug frame results. For each sample, we assess the retrieval
outcome against our manual annotation (ground truth keyframes
containing visible bugs) and compute both the success and F1 scores
to quantify category-specific performance.

Finally, to provide a point of reference, we compare our pipeline
against two naive baselines: selecting the first extracted keyframe
and selecting a random keyframe from the 247 bug videos.

Findings: Per-video retrieval has an F1@1 score of 0.79 and
a Success@1 of 0.89. Table 2 shows that the model successfully
retrieved a correct bug frame at the top-1 result for 169 out of 247
bug videos, yielding a Success@1 of 0.89. For comparison, naive
baselines perform worse: selecting only the first keyframe in
each video yields 0.26 Success@1, and randomly selecting a
keyframe achieves 0.29 (mean over 5 runs). When considering
the top-3 results, performance improves to 195 videos, correspond-
ing to a Success@3 of 0.90. Across the evaluation set, we observe 70
false positives and 21 false negatives, resulting in an overall F1@1
score of 0.79. The successful retrieval rate is 68.42%. The results
indicate that the top-ranked frame is most often the correct one. In
cases where multiple frames are selected, the matched bug frame
always appears within the top 3 results.

Per-report retrieval improves successful retrieval rate
from 68.42% to 82.14%. We randomly sample 100 multi-video
JIRA bug reports from the 2,880 report dataset and include all their
attached videos, yielding 337 videos in total. Our pipeline’s retrieval
over these 337 videos results in 204 TP, 95 FP, 15 FN, and 23 TN. We
identified 84 reports containing at least one video with a visible bug.
Our pipeline successfully retrieved at least one correct bug frame

in 69 of these 84 reports (82.14%). While this does not affect the
overall F1@1 score (which remains at 0.79), aggregating retrieval
at the report level improves the chance of retrieving at least one
valid bug frame per report.

Lighting & Shadow achieves the highest retrieval Success
(F1@1 = 0.94), followed by Physics & Collision and UI & HUD.
Table 2 shows that the model achieves its highest performance
on the Lighting & Shadow category, retrieving bug frames more
reliably than in other categories. Physics & Collision and Camera &
UI also maintain high true-positive counts with low false-negative
counts. Several common factors contribute to this higher perfor-
mance trend:

• High visual contrast: Bugs exhibit dramatic visual changes
in the game, such as extremely dark scenes (Figure. 3d), col-
lisions with surrounding objects (Figure. 3a), or placeholder
images/text in UI elements that have colors that stand out
from the rest of the environment (Figure. 3c).

• Strong text–visual alignment: Bug descriptions align well
with visible content (e.g., “character can clip underground”
or “placeholder text appears in the menu”), making it easier
for the model to retrieve a correct frame.

Our analysis reveals several key limitations that hinder retrieval
performance:

• Flickering events: A major issue among rendering-related
bugs is brief flickers of objects (e.g., a light source at a dis-
tance starts flickering). While these are easily noticeable
during video playback, a single extracted frame often fails
to capture the flicker.

• On-screen debug messages: While videos in other cate-
gories include debug overlays as well, they’re not defining
features of those categories. These messages particularly
affect Game Crash & Logic videos. Development logs and
messages often dominate the visual focus and may redirect
MLLM to producing irrelevant retrieval.

• Abstract bugs: Logic-related issues, such as a reward sys-
tem not updating after an in-game action, often fall under
Game Crash & Logic. These bugs lack a clear visual sig-
nal and usually require reasoning across multiple frames to
understand cause and effect.

• Post-processing effects mistaken as false positives: Vi-
sual effects such as motion blur, bloom, and lens flares are
prevalent in Animation & VFX videos and usually trig-
ger a new keyframe due to a major shift in visual content.
These artistic effects are sometimes misinterpreted by the
model as visual glitches, increasing false positive rates when
analyzing isolated frames.

• Minimal visual anomalies:While subtle artifacts can ap-
pear across categories, bugs in Animation & VFX often in-
volve minor animation glitches that are difficult to observe
(Figure 3e).

• Frame-rate drops: Most Performance bugs involve de-
graded frame rates during gameplay. Although developer-
submitted videos often include an on-screen FPS indicator,
the expected frame rate is rarely specified, and these drops
often do not trigger new keyframes due to minimal visual
changes. As a result, the model struggles to identify frame-
rate issues, especially in modern games where high frame
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rates are standard. For instance, a drop to 90 FPS may indi-
cate poor performance if the game is expected to run at 120
FPS, just as 40 FPS would be problematic in a game targeting
60 FPS. Without explicit context, the model cannot reliably
infer whether the observed frame rate reflects a bug.

Our pipeline achieves a Success@1 of 0.89 and an F1@1 score of
0.79 at the per-video level and retrieves at least one bug frame in
82.14% of multi-video reports. Retrieval is highest in Lighting &
Shadow, Physics & Collision, and UI & HUD categories, and
the weakest in Performance and Animation & VFX. These
results demonstrate the practical effectiveness of MLLM-based
retrieval of bug frames in gameplay videos and the potential to
considerably reduce video viewing time.

Table 3: Retrieval performance across three identical runs

TP@1 TP@2 TP@3 FP TN FN F1@1

1 169 190 195 70 64 21 0.79
2 180 194 194 72 62 22 0.79
3 179 192 192 76 58 24 0.78

Total 528 576 581 218 184 67

5.3 RQ 3: How consistent is bug frame retrieval
by an MLLM across repeated runs?

Motivation: A known limitation of large language models is their
non-deterministic behavior: repeated queries to the same model can
yield different outputs, even when the input remains unchanged.
This variability stems from the probabilistic nature of their design
and sampling mechanisms [21, 26, 39, 49]. While some degree of
output variation is expected, it raises concerns about the reliability
of our pipeline. Therefore, we assess how consistent the retrieval
results are across multiple runs of the same prompt and setup.

Approach: We re-run the same set of 350 videos two additional
times, resulting in a total of three runs under identical experimental
conditions. For each run, we assess the retrieval results at Top-
1 using the same evaluation metrics as before. This allows us to
measure the consistency of the pipeline’s outputs across repeated
executions. To quantify the likelihood of successful retrieval across
multiple runs, we compute pass@k, which denotes the probability
that a correct bug frame is retrieved in at least one of the k runs.

Findings: As shown in Table 3, the F1@1 score varies minimally
across the three runs, with a median of 0.79. However, despite this
stability in the overall metrics, there is some inconsistency across
runs for many of the videos. For example, a bug frame might be
extracted correctly in run 1 but incorrectly in run 2.

• # of videos correct in 3/3 runs: A total of 183 (140 TP and
43 TN) videos had correct retrieval outcomes in all runs.

• # of videos correct in 2/3 runs: 48 (42 TP and 6 TN) videos
had correct retrieval outcomes in two of the three runs.

• # of videos correct in 1/3 runs: 25 (24 TP and 1 TN) videos
had correct retrieval outcomes in only one of the runs.

• # of videos correct in 0/3 runs: 94 videos including FP
and FN. Since only TP@1 is considered, videos where the
correct bug frame was retrieved at rank 2 or 3 are considered
as incorrect in this analysis.

Single-run success (pass@1): The pass@1 metric captures the
probability that the pipeline retrieves a correct result in a single
run@1. It is defined as:

pass@1 =
TP@1 + TN across 3 runs
#Videos across 3 runs

=
528 + 184
350 × 3

≈ 0.68.

Three-run success (pass@3): The probability that at least one of
the three runs@3 succeeds:

pass@3 = 1 − (1 − pass@1)3 ≈ 0.98

This means that under one run, there is a 68% chance that the top-1
retrieved frame is a correct result. This probability increases to 98%
under 3 runs.
Expected value& variation of correctness:We define the vari-
ance of the random variable 𝑋 ∈

{
0, 13 ,

2
3 , 1

}
and the expected

number of successful retrievals per video as:

E(𝑋 ) =
94 · 0 + 25 · 13 + 48 · 23 + 183 · 1.0

350
≈ 0.63

To quantify the variability in correctness:
Var(𝑋 ) = E(𝑋 2) − E(𝑋 )2

E(𝑋 2) = 02 · 94
350

+
(
1
3

)2
· 25
350

+
(
2
3

)2
· 48
350

+ 12 · 183
350

≈ 0.59

Var(𝑋 ) = 0.59 − (0.63)2 ≈ 0.19

SD(𝑋 ) =
√︁
Var(𝑋 ) ≈ 0.44

The expected value E(𝑋 ) ≈ 0.63 means that, on average, each
video yields correct retrievals in roughly 1.89 (0.63×3) out of 3 runs.
The variance Var(𝑋 ) ≈ 0.19 and corresponding standard deviation
0.44 indicate considerable variability in correctness, and that using
a single run per video may lead to unreliable results.

Variance mitigation recommendation: To mitigate retrieval
instability across runs, we recommend executing the pipeline multi-
ple times (e.g., three runs per video) and applying a simple majority
vote over the retrieved frames. This strategy helps improve consis-
tency without requiring access to ground truth:

• If the same bug frame or no result appears in at least two of
the three runs, treat the result as reliable.

• Otherwise, flag the video as ambiguous and consider review-
ing it manually.

This approach filters out inconsistent results. While it introduces
some computational overhead, it improves practical confidence in
retrieval quality. In our evaluation, applying majority voting would
raise the number of stable results from 183 to 215 out of 350 videos.

Retrieval performance remains stable (median F1@1 = 0.79),
but per-video results vary. A majority vote over 3 runs helps
improve consistency by confirming stable results and flagging
ambiguous ones.
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6 Discussion
Comparison with prior work on the topic: According to the
recent benchmark study VideoGameQA-Bench [45] by Taesiri et
al., GPT-4o is the top-tier model for image-based game glitch de-
tection, achieving an accuracy of 82.9% and an F1 score of 0.83 on
the benchmark dataset. However, this dataset is constructed from
publicly available data, which predominantly features clear and
easily recognizable glitches. In contrast, real-world QA processes
often involve subtle visual issues that may be difficult to spot during
normal gameplay. To evaluate GPT-4o’s performance under such in-
dustrial conditions, we randomly sampled 100 images with a similar
distribution (50 normal gameplay images and 50 known-bug im-
ages). Each image was processed by GPT-4o using the game glitch
detection prompt defined in VideoGameQA-Bench. When asked to
classify whether an image contained a glitch, GPT-4o only achieved
46% accuracy and an F1 score of 0.52 on our data. These results
indicate that, in a development setting, pure image-based detec-
tion struggles with the complexity of our data and underscores the
need to provide additional input context. In contrast, our retrieval
pipeline leverages both visual (frame) and textual (bug description)
inputs, achieving Success@1 = 89% and F1@1 = 0.79.

Comparison with naive baselines: Section 5.2 shows that
naive baselines perform poorly. To further investigate why, we ex-
amined the positional distribution of buggy keyframes. In a random
sample of 50 videos, buggy keyframes appear at varied positions:
the first keyframe is buggy in 15 videos, the last in 18, and the
middle (or middle+1) in 30. This variability indicates that no simple
keyframe-selection heuristic is effective for our data.

Limitations of our approach: Based on our results, we rec-
ommend applying automated bug frame retrieval primarily to cat-
egories with strong visual cues, such as Lighting & Shadow, Ren-
dering & Texture, and UI & HUD. Categories like Animation &
VFX or Performance are inherently temporal in nature and require
fundamentally different approaches, such as multi-frame analysis
or video-level modeling. Future work should explore incorporating
temporal context into the pipeline to handle such cases.

Practical Impact: Our approach provides an efficient, scalable
solution for reviewing gameplay videos. With a median length of
551 frames (∼9 s), we achieve 0.89 Success@1, retrieving the cor-
rect buggy frame in nearly 90% of videos. This reduces manual
effort from reviewing hundreds of frames to just one. Although the
median videos are short, spotting the bug often requires multiple
viewings, meaning the practical savings are even greater. All ex-
periments cost under $100 (≈$0.054 per minute), showing that the
method is both accurate and cost-effective.

7 Threats to Validity
Internal validity: A potential threat to the internal validity of our
results is the used encoding settings. We used the default FFmpeg
settings to re-encode the videos. As these settings achieved a 98.79%
bug coverage rate in our preliminary study, we did not fine tune
these settings any further. However, there could be settings that
result in an even higher bug coverage rate and a lower frame ex-
traction rate. Future studies should further investigate the impact
of encoding settings on our approach.

Another threat arises from the batch size used during MLLM
analysis. Due to API limitations, we processed frames in batches
for longer videos. If a bug-related sequence is split across batch
boundaries or if the relevant context spans multiple batches, the
MLLM may lack sufficient visual continuity to retrieve the correct
frame. Despite its negligible impact on our studied videos, its effect
on long video performance should be investigated by future studies.

Additional threats arise from components within our own
pipeline. Specifically, we use GPT-4o to generate summaries of
bug descriptions and assume its correctness. Although its outputs
achieved 97% agreement with human judgment in a random 100-
sample evaluation, this sample may not fully represent the diversity
of bug types encountered in the data. As a result, the reliability of
these summaries remains uncertain during full pipeline execution.

Furthermore, the prompting strategies used in the pipeline are
straightforward, relying primarily on zero-shot or minimally guided
prompts without task-specific fine-tuning. Although this design
promotes ease of integration, it may limit performance in more
ambiguous scenarios. Changes in prompt phrasing, structure, or
context can influence the interpretation and ranking behavior of
the MLLM and may produce different results.

Finally, manual evaluation of MLLM-generated ranked frames
introduces potential bias. Determining whether a given frame ac-
curately matches its bug description is sometimes subjective and
ambiguous, particularly in difficult and subtle cases. These human
judgments may inadvertently overestimate or underestimate the
true performance of the model.

External validity: A threat to the external validity is that the
studied bug reports were all obtained from a single FPS (First Per-
son Shooter) game. While the game features a variety of visual bug
types and development workflows, the domain-specific nature of
its mechanics, UI design, and bug reporting structure may not fully
represent games in other genres. For example, the presentation of
animation bugs, UI glitches, or logic errors may vary significantly
between game types and game engines. Future studies should fur-
ther investigate our approach for other types of games.

Another factor affecting external validity is the dependency on a
specific version of the language model. Our pipeline is built entirely
on the GPT-4o model, which is subject to updates, deprecation, or
behavioral changes over time. The same prompts and inputs may
yield different outputs in future versions or different models due
to changes in model architecture, training data, backend configu-
ration, etc. This model-specific dependency raises concerns about
the long-term robustness of the approach, especially in produc-
tion environments where model availability may change over time,
causing performance variations.

8 Conclusion
We introduced an automated pipeline combining keyframe extrac-
tion and GPT-4o-based frame analysis to effectively retrieve bug
frames from gameplay videos. Our pipeline demonstrates strong
retrieval performance on real-world JIRA bug data from a popular
FPS game, achieving an overall F1@1 score of 0.79 and a Success@1
of 0.89. We show particularly strong results in retrieving bug frames
related to Lighting & Shadow, Physics & Collision, and UI & HUD.
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We identified key limitations, particularly in Animation &VFX bugs,
where the pipeline struggled mostly due to insufficient context cap-
tured by individual frames. Future work could enhance performance
by incorporating temporal context analysis, fine-tuning prompting
strategies, and evaluating our pipeline across diverse game genres
and more extensive datasets. Overall, our approach presents an
important, practical advancement in automated game QA, signif-
icantly reducing manual effort and providing robust support for
visual bug retrieval in real-world game development scenarios.
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