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Abstract

Manual identification of visual bugs in video games is a
resource-intensive and costly process, often demanding spe-
cialized domain knowledge. While supervised visual bug de-
tection models offer a promising solution, their reliance on
extensive labeled datasets presents a significant challenge
due to the infrequent occurrence of such bugs. To overcome
this limitation, we propose a hybrid Co-FineTuning (CFT)
method that effectively integrates both labeled and unlabeled
data. Our approach leverages labeled samples from the tar-
get game and diverse co-domain games, additionally incor-
porating unlabeled data to enhance feature representation
learning. This strategy maximizes the utility of all available
data, substantially reducing the dependency on labeled ex-
amples from the specific target game. The developed frame-
work demonstrates enhanced scalability and adaptability, fa-
cilitating efficient visual bug detection across various game ti-
tles. Our experimental results show the robustness of the pro-
posed method for game visual bug detection, exhibiting supe-
rior performance compared to conventional baselines across
multiple gaming environments. Furthermore, CFT maintains
competitive performance even when trained with only 50%
of the labeled data from the target game.

Introduction
Over the past decade, the video game industry has expe-
rienced substantial growth, driven by advancements in 3D
game engines, increased computing power, expanded Inter-
net bandwidth, and sustained consumer demand (Skwarczek
2021). This growth has coincided with a corresponding rise
in the complexity and scale of game development, neces-
sitating the deployment of large quality assurance teams to
ensure product quality. However, the escalating demand and
complexity of games present a notable challenge to this ap-
proach, as expanding the workforce entails increased costs
and management overhead. One of the important game qual-
ity control activities is testing for visual bugs (Taesiri et al.
2024), which might get introduced due to issues in the code,
hardware infrastructure, or networking (e.g., player load).
In general, game visual bugs could be categorized into two
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categories: 1) bugs detectable using a single frame (e.g., tex-
ture issues, object-to-object clipping, or object floating), and
2) bugs that need multi-frame (i.e., temporal context) to be
detected (e.g., glitches and lighting issues). The latter cate-
gory is more challenging for the need to consider the tem-
poral context across multiple frames, which makes it more
demanding and time-consuming for quality teams perform-
ing manual testing.

Using Computer Vision (CV) models (Paduraru, Padu-
raru, and Stefanescu 2021) for automatic visual bug detec-
tion is a promising solution that can significantly reduce
costs and manual labor. A typical workflow for utilizing a
CV model for visual bug detection is depicted in Figure 1.
The workflow starts with collecting labeled samples high-
lighting the bugs. Visual bugs are usually preferred to be in-
dicated within a bounding box, making it easier to locate and
fix the bugs. Consequently, an object detection annotation
method (Lin et al. 2014) is well-suited to meet this require-
ment. Afterwards, supervised model training is initiated on
the collected datasets. During deployment time, the model
predicts visual bugs on new deployment samples, followed
by a triage stage to verify and isolate false-positive samples.
Finally, the detected bugs are logged in the database.

Supervised machine learning-based visual bug detection
is an increasingly promising approach for automating game
testing workflows, offering effective and labor-efficient so-
lutions (Davarmanesh et al. 2020; Taesiri, Habibi, and Fa-
zli 2020; Azizi and Zaman 2023, 2024; Ling, Tollmar,
and Gisslén 2020). Despite the effectiveness of the super-
vised learning methodology, its primary limitation is the
requirement for a substantial volume of labeled training
data. This is particularly challenging for multi-frame bugs,
which typically have a low prevalence rate in video games.
Current strategies to mitigate this issue include employ-
ing weakly supervised learning with synthetic data aug-
mentations, which are generated using task-specific do-
main knowledge (Rahman 2023). Another approach in-
volves leveraging the inductive bias of pretrained multi-
modal large language models to reduce reliance on hu-
man supervision (Taesiri et al. 2022). In contrast to this
prior work, our method is independent of task-specific do-
main knowledge and is computationally efficient, facilitating
rapid deployment and broad accessibility for game develop-
ment teams.
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Figure 1: A typical workflow for visual bug detection in video games.

We propose a hybrid method utilizing both supervised
and self-supervised learning objectives to leverage labeled
data, providing a direct signal for bug detection, and unla-
beled data, providing inductive bias on the visual semantics
in the gaming domain. Moreover, our method could effec-
tively fuse data from other games during training, which
we refer to as co-finetuning, to further enhance the train-
ing data efficiency characteristics. During supervised train-
ing, we fuse the supervised loss from a target game with
one from a mixture of other gaming titles using a linear gat-
ing scheme. While for self-supervised learning, we adopt a
novel method following a Joint Embedding Predictive Ar-
chitecture (JEPA) (Assran et al. 2023) that aims to recon-
struct masked patches from unlabeled training samples on a
target embedding space rather than the pixel space. Target-
ing reconstruction on the embedding space helps to focus the
learned visual representation on high-level concepts while
being robust to noise and irrelevant dynamics compared to
working on the pixel space (Dawid and LeCun 2023). More-
over, we aim to distill the target embedding from large pre-
trained vision encoders (Kirillov et al. 2023; Caron et al.
2021; Oquab et al. 2023), which incorporates useful induc-
tive bias and facilitates using efficient vision encoders dur-
ing inference.

To contrast the performance of our proposed method,
we evaluate its bug detection performance using three dif-
ferent gaming environments, while comparing it to well-
established object detection baselines (Ren et al. 2015; Red-
mon et al. 2016) from the Azure machine learning platform
(Azure AutoML) 1. We summarize our contribution points
as follows:

• We propose a co-finetuning method leveraging labeled
data from a target game and a mixture of other games to
maximize the utilization of data labeling efforts.

• We propose a novel self-supervised learning method that
harnesses unlabeled gaming data to learn an effective vi-
sual representation and enhance data efficiency.

• We provide a comprehensive evaluation of the proposed
method using multiple gaming environments resembling

1https://azure.microsoft.com/en-us/solutions/automated-
machine-learning

actual AAA games and comparing with well-established
baselines trained and fine-tuned using Azure AutoML.

Related Work
The emergence of machine learning has introduced auto-
mated and semi-automated approaches to enhance the effi-
ciency of bug detection. Supervised methods for visual bug
detection (Davarmanesh et al. 2020; Taesiri, Habibi, and
Fazli 2020; Azizi and Zaman 2023, 2024; Ling, Tollmar,
and Gisslén 2020; Tamm et al. 2022) are often limited by
their reliance on large, labeled datasets, which are difficult
to collect from specific game titles. To address this, some
researchers have proposed weak supervision methods that
incorporate synthetic data derived by task-specific domain
knowledge to reduce the need for manual labeling (Rah-
man 2023). Another approach, demonstrated in (Arnab et al.
2022), shows that co-finetuning with multiple correlated su-
pervised tasks, such as video action classification and object
detection, can improve performance over traditional trans-
fer learning. Our work builds upon this paradigm by com-
bining self-supervised learning with supervised objectives.
In a separate effort, a zero-shot video game bug detection
method (Taesiri et al. 2022) utilized inductive bias from a
large multimodal language model to mitigate reliance on su-
pervised training samples.

Problem Definition
Following an object detection objective, our primary aim
is to accurately localize and classify visual bug as objects
within an image. Consequently, the problem is formulated
as the minimization of a multi-task loss function, which bal-
ances these two essential components. We assume a region
proposal approach (Ren et al. 2015) where the loss function
comprises a weighted sum of the classification loss, Lcls,
and the bounding box regression loss, Lloc, applied to both
a Region Proposal Network (RPN) and the final detection
head. Formally, for a given region proposal, the total loss is
defined as:

Lod =
1

Ncls

∑
i

Lcls(pi, p
∗
i ) + λ

1

Nloc

∑
i

p∗iLloc(ti, t
∗
i )

(1)
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Here, i refers to the index of an anchor (for the RPN) or
a region of interest (for the detection head). pi is the pre-
dicted probability of anchor i being an object, while p∗i is its
corresponding ground-truth label (1 for positive, 0 for neg-
ative). ti represents the predicted bounding box regression
offsets for anchor i, and t∗i denotes the ground-truth bound-
ing box regression offsets for a positive anchor i. Ncls is
the mini-batch size utilized for classification, and Nloc is the
number of anchor locations used for localization. Finally, λ
is a balancing weight used to normalize the contributions of
the classification and localization losses.

Methodology
In this section, we introduce the details of our proposed hy-
brid co-finetuning method. Figure 2 depicts the design of
our proposed method, highlighting two main learning ob-
jectives, including: 1) co-supervised learning, and 2) self-
supervised learning. This design aims to harness learning
signals from both labeled and unlabeled data to enhance the
detection performance. We outline each of these learning ob-
jectives as follows.

Co-supervised Learning Module
The objective of this learning module is to utilize labeled
data from the downstream gaming title (i.e., the one under
investigation) and from other gaming titles that might still
provide relevant learning signals about the notion of bugs
that we aim to detect. Thus, we combine labeled data into
two groups, including the downstream and co-title. During
training, we sample mini-batches from each group and fuse
the supervised loss (see Eq. 1) using a weight hyperparame-
ter α:

Lco sup = Ldownstream
od + αLco−title

od (2)

We adopt a Faster R-CNN (Ren et al. 2015) object de-
tection architecture with a Vision Transformer (ViT) (Doso-
vitskiy et al. 2020) backbone. The Faster R-CNN detection
head includes a region proposal network, a classification
head, and a box regression head. As per Equation 1, we uti-
lize a cross-entropy loss for the Lcls term, and a smooth L1
loss for the Lloc term.

This co-finetuning algorithm includes both co-supervised
learning and self-supervised learning components. For the
co-supervised learning part, there are two types of labeled
images: one from the target game title and the other from dif-
ferent game titles. Labeled images from multiple titles can
increase the diversity of multi-frame bugs and enhance per-
formance. The labeled images from the target downstream
title and other titles should have different importance during
the training phase. Therefore, we assign a weight α to the la-
beled images from other titles, which is reflected in the loss
calculation.

Self-supervised Learning Module
To leverage additional learning signals from unlabeled data
that could be collected at a cheaper cost in comparison
to labeled the one, we propose a Self-supervised Learning
(SSL) module that works as an auxiliary loss signal genera-
tor during training time. Our SSL design is inspired by the
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Figure 2: A block diagram for the Co-finetuning method de-
sign. It involves two main objectives: a self-supervised tar-
get distillation objective and a co-supervised object detec-
tion objective.

image Masked Autoencoders (MAE) (He et al. 2022) and
Image-based Joint-Embedding Predictive Architecture (I-
JEPA) (Assran et al. 2023), in terms of using reconstruction
after masking as a target and performing reconstruction on
the latent space, respectively. Yet, our approach differs in us-
ing a separate target encoder from the one used by the archi-
tecture, which also acts as a distillation target during recon-
struction. Figure 3 illustrates the workflow of our SSL mod-
ule. We combine images from all titles, including the down-
stream one, to form an unlabeled dataset. For a given un-
labeled image sample, we divide it into equal-sized patches
(similar to the ViT (Dosovitskiy et al. 2020) approach), then
we create another replica by performing patch-wise random
masking (with a masking ratio of 0.75) on it. We feed the
original image to the target encoder, which is kept frozen
during training, and the masked one to the student encoder
used inside our architecture. Instead of calculating the re-
construction loss on the pixel space as in MAEs (He et al.
2022), we target to reconstruct the masked patches on the
latent space of the target encoder, similar to I-JEPA (Ass-
ran et al. 2023). After encoding all the patches in the input
image using the student encoder, including masked ones,
we reconstruct the masked patches using a mask decoder.
Finally, we match the reconstructed latents with the target
ones from the target encoder to calculate our SSL loss. We
note that we only focus our latent reconstruction loss on the
masked patches without considering unmasked ones by fil-
tering them out of the loss computation.

We utilize Mean Squared Error (MSE) to calculate the
latent construction error, and we combine the SSL loss term
with the co-supervised one using a hyperparameter β.

LCFT = Lco sup + βMSEssl (3)

Experimental Evaluation

In this section, we introduce details of our experimental
evaluation, including the dataset, baselines, experiments,
and results.
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Figure 3: Illustration for our proposed self-supervised ob-
jective. We follow a latent masked autoencoder with a target
distillation criterion, where an input frame is patchified and
masked, then we feed the original version into a target en-
coder and the masked one to our student encoder, finally, we
calculate the reconstruction error on the latent space, mainly
considering masked patches.

Data Collection and Splitting Strategy

We collected datasets from three distinct video game titles,
each offering unique visual styles and gameplay dynam-
ics. The selected titles include two experimental games that
we developed using the Unreal Engine2 and one released
Xbox game. We followed an automated data collection from
experimental games using the UnrealCV plugin (Qiu and
Yuille 2016) and manual collection from the released Xbox
game. We outline the games as follows:

• GiantMap: This game simulates a large city park area
featuring open-world characteristics with trails, play-
grounds, service facilities, and natural scenery. We scat-
ter 3D assets around the park and randomly inject vi-
sual bugs into a certain portion of them. Representative
frames from GiantMap are presented in Figure 4.

• HighRise: This game is part of the Shooter game demo
from Unreal Engine 3. It simulates a futuristic indoor
environment of a two-story building. HighRise is a
fast-paced shooter that showcases advanced architec-
tural designs and dynamic lighting effects. Representa-
tive frames from this game are illustrated in Figure 5.

• CombatGame: This is a real combat-oriented AAA
game that highlights tactical engagements, weapon-
based combat, and rugged terrain. We do not show
frames from this environment for privacy reasons.

2https://www.unrealengine.com/en-US
3https://dev.epicgames.com/documentation/en-us/unreal-

engine/shooter-game?application version=4.27

Figure 4: Representative frames from the GiantMap game.

Figure 5: Representative frames from the HighRise game.

This study addresses multi-frame visual artifacts, specifi-
cally Level of Detail (LOD) pops and culling pops. An LOD
pop occurs when an object’s visual representation, such as
its texture or geometric detail, undergoes an abrupt change
as a viewer’s distance to it varies, resulting in a discon-
tinuous LOD transition. Conversely, a culling pop mani-
fests as the sudden appearance or disappearance of an object
within the rendered scene, typically in response to changes
in viewer proximity or orientation. Illustrative examples of
both culling and LOD pops are provided in Figure 6.

The dataset for each game title was partitioned into train-
ing, validation, and testing sets. The training set includes
approximately 4,000 pops (GiantMap: 4503, CombatGame:
4661, Highrise: 2866), while both validation and testing sets
each contain roughly 500 pops (Validation: GiantMap: 500,
CombatGame: 543, Highrise: 351; Testing: GiantMap: 503,
CombatGame: 507, Highrise: 352). Full details on pop and
image counts for all four titles are in Table 1. Note that im-
age counts may differ from pop counts, as one image can
contain multiple pops. Each pop was annotated by one per-
son, verified by a second, and adjudicated by a third in cases
of disagreement. Additionally, 2,000 unlabeled images were
randomly sampled per game title. For training on each target
game, the other two games will serve as co-titles.

Comparison Baselines
We use the object detection models provided by Azure Au-
toML as our baseline. Azure AutoML is a cloud-based ser-
vice within Microsoft Azure’s Automated Machine Learn-
ing suite that enables users to automatically build, train, and
deploy machine learning models, including those for ob-
ject detection. Azure AutoML supports two types of ob-
ject detection architectures: a two-stage Faster R-CNN de-
tector (Ren et al. 2015) and a single-stage YOLOv5 detec-
tor (Redmon et al. 2016; Jocher et al. 2020). When run-
ning object detection tasks, Azure AutoML automatically
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Culling Pop Bug Example Loss Of Detail (LOD) Pop Bug Example

Figure 6: Two examples of pop visual bugs from the GiantMap game. On the left, a culling pop bug example. On the right, a
LoD pop example.

Game Title Training Validation Testing Number of
Unlabeled Images# of pop # of image # of pop # of image # of pop # of image

GiantMap 4503 4491 500 500 503 499 2000
CombatGame 4661 1574 547 146 507 247 2000
Highrise 2866 2856 351 347 352 345 2000

Table 1: Train-Validation-Test data splits and number of unlabeled samples across the experimental gaming datasets.

explores multiple variants of these models and selects the
best-performing model based on a validation dataset and
a specified target metric. We refer to the selected Azure
AutoML variant as “AutoML” in our result reporting for
brevity. In our case, the target metric is mean average pre-
cision (mAP) (Ren et al. 2015). Thus, our comparison base-
line is not a single fixed model, but rather the result of an
automated search across state-of-the-art deep learning archi-
tectures. All hyperparameters are tuned using the validation
data, and the final model is chosen based on its performance
against the mAP metric.

For multi-frame pop data, the pop bug only becomes
apparent when analyzing sequences of frames. Therefore,
using a single image as input is insufficient for detecting
the issue. However, Azure AutoML object detection mod-
els require input images to have exactly three channels. To
address this, we construct a three-channel image using a
grayscale difference stacking approach. The idea is to use
a sequence of four RGB images, where the pop bug oc-
curs in the third frame. These four RGB images are first
converted to grayscale. Then, we compute the absolute dif-
ferences between consecutive grayscale frames to capture
motion or changes across time. These different images are
stacked to form a new three-channel image suitable for in-
put into the Azure AutoML model.The process is further
described as follows: four RGB frames-rgb0, rgb1, rgb2,
and rgb3-are used, with the pop bug occurring in rgb2.
Each RGB image is converted to grayscale, resulting in
gray0, gray1, gray2, and gray3. Then, the absolute differ-

ences between consecutive grayscale images are computed:
diff 1 = |gray1 − gray0|, diff 2 = |gray2 − gray1|, and
diff 3 = |gray3 − gray2| where | · | denotes the absolute
value operation. These three different images are stacked to
form a new three-channel image, denoted as img, which is
subsequently used as input for both the Azure AutoML ob-
ject detection model and our proposed CFT model. This im-
age preparation step for the model input is also illustrated in
Figure 7.

Research Questions
Our experimental evaluation setup aims to assess the differ-
ent aspects of the proposed hybrid co-finetuning method by
answering the following research questions.
• [RQ1]: How does the visual bug detection performance

of the proposed method compare to well-established ob-
ject detection baselines using the evaluation gaming en-
vironments?

• [RQ2]: What would be the suitable mixing strategy when
learning from mixed gaming data?

• [RQ3]: What is the impact of different building blocks in
the proposed hybrid co-finetuning method?

• [RQ4]: Could the proposed hybrid co-finetuning method
generalize its performance to other types of visual bugs
in games?

Results & Discussion
In this section, we present and discuss the evaluation results
answering the defined research questions.
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Figure 7: An illustration of the input sliding window preparation procedure. RGB images are first converted to grayscale, then
absolute deltas are computed, and finally, these deltas are combined into a three-channel image.

Visual Bug Detection Performance Comparison with
Baselines: We answer RQ1 by assessing the CFT model
performance compared to Azure AutoML baselines in
terms of key evaluation metrics—mean Average Precision
(mAP) (Everingham et al. 2010) and F1 score (Goutte
and Gaussier 2005). A model is considered effective if it
achieves higher mAP and F1 scores than the baseline. How-
ever, even if the CFT model delivers comparable perfor-
mance, it may still be preferable if it requires significantly
less labeled data. This consideration is particularly impor-
tant in the gaming domain, where acquiring labeled bug data
is both time-consuming and resource-intensive. Therefore, a
model that maintains competitive performance while reduc-
ing the need for labeled data offers a substantial practical
advantage.

Azure AutoML automatically evaluates both Faster R-
CNN and YOLO V5 for bug detection and selects the best
performing baseline based on the validation dataset. We use
mean average precision (mAP) with an intersection over
union (IoU) threshold of 0.5 for pop bug detection. Addi-
tionally, we measure the F1 score with IoU=0.5 and a classi-
fication threshold of 0.25. We select a threshold of 0.25 for
result comparison because recall is usually more important
for visual bug classification. The results for these metrics,
based on the testing dataset for Azure AutoML and the co-
finetuning (CFT) method, are presented in Table 2.

In order to perform a statistical significance t-test for
mAP and F1 metrics for each pair, we normalized each met-
ric value for each game title. For example, we normalized
the mAP values [0.662, 0.938] from different algorithms to
[0.413 = 0.662/(0.662 + 0.938), 0.586 = 0.938/(0.662 +
0.938)] for game title GiantMap. This normalization is nec-
essary because each game title has its own testing dataset,
resulting in varied scales that make cross-title comparisons
incomparable. The results are shown in Table 3. Here, three
samples were used, with each title contributing a single

value to the statistical tests. It can be seen from Table 3 that
the difference between the results from Azure AutoML and
CFT is statistically significant at the 0.05 level, even with
50% training data in CFT, indicating that CFT achieves bet-
ter results than Azure AutoML. Furthermore, the difference
between CFT using the full training data and 50% of the
training data is not statistically significant, suggesting that
even with less training data, CFT can still produce com-
parable results. Additional t-tests were conducted on these
results, as shown in Table 3. It can be observed that reduc-
ing the training dataset does not significantly degrade per-
formance in most cases for CFT in terms of mAP. However,
when the training dataset is halved in Azure AutoML, the
performance drops considerably. In contrast, CFT maintains
better performance in terms of mAP metrics compared to
the Azure AutoML baseline when trained on only half of
the dataset.

Assessing the Data Mixing Strategy for Co-Finetuning:
The CFT model incorporates both co-supervised and self-
supervised learning. However, optimizing the balance of
these components, specifically their weighting during train-
ing, remains an open question as indicated in RQ2. This
study investigates the impact of explicitly tuning this mix-
ing strategy on model performance. An unsuitable weighting
scheme could either underutilize labeled data or fail to fully
leverage self-supervised learning benefits. Through simula-
tions, we aim to understand the role of this mixing strategy,
determining whether a fixed or adaptive weighting approach
yields superior results and if model performance is sensitive
to these choices. This investigation will clarify whether the
mixing strategy should be considered a critical hyperparam-
eter for the CFT model. We kept all other algorithmic param-
eters fixed and systematically varied the weights assigned to
the co-supervised learning (CSL) and self-supervised learn-
ing (SSL) components, denoted as α and β, respectively (see
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Dataset
mAP F1

AutoML CFT AutoML CFT
100% 50% 100% 50% 100% 50% 100% 50%

Giantmap 0.662 0.560 0.938 0.945 0.747 0.777 0.976 0.969
CombatGame 0.159 0.106 0.164 0.158 0.418 0.337 0.445 0.450
Highrise 0.209 0.202 0.349 0.235 0.312 0.355 0.533 0.455

Table 2: Visual bug detection performance results compared to the best performing Azure AutoML baseline using full and half
the size of the training datasets.

Metric T-test P-value

mAP

AutoML (100%) vs CFT (100%) 0.007
AutoML (100%) vs CFT (50%) 0.026
CFT (100%) vs CFT (50%) 0.054
AutoML (50%) vs CFT (50%) 0.009
AutoML (100%) vs AutoML (50%) 0.007

F1

AutoML (100%) vs CFT (100%) 0.004
AutoML (100%) vs CFT (50%) 0.001
CFT (100%) vs CFT (50%) 0.079
AutoML (50%) vs CFT (50%) 0.000
AutoML (100%) vs AutoML (50%) 0.965

Table 3: Statistical significance t-test analysis comparing the
CFT method with the best performing baseline selected by
Azure AutoML using full and half the size of the training
data.

Figure 2). To determine the optimal values for these hyper-
parameters, we conducted a grid search over a predefined
range of α and β, spanning from 0 to 0.6 in increments
of 0.1. The best combination was selected based on perfor-
mance on the validation datasets across three distinct game
titles.

Table 4 summarizes the results, indicating that the optimal
β value remains relatively consistent across titles, centering
around 0.2. Conversely, α demonstrates greater variability,
suggesting its optimal value is more sensitive to individual
game title characteristics. The magnitude of α generally ex-
ceeds β, implying the CSL component holds a more influen-
tial role in bug prediction performance. These findings sug-
gest that while β can be fixed at 0.2 for new titles, careful
tuning of α is recommended for dataset adaptation. This in-
sight can streamline hyperparameter optimization when ex-
tending the visual bug detection framework to new game ti-
tles.

Title mAP F1 β α

GiantMap 0.941 0.890 0.3 0.4

CombatGame 0.164 0.404 0.2 0.5

Highrise 0.384 0.471 0.2 0.3

Table 4: Optimal weighting schemes for CSL and SSL
across experimental gaming environments.

Ablation Study: To address RQ3, which aims to assess
the impact of the CFT model’s constituent components, we
conduct an ablation study evaluating the necessity and con-
tribution of its core elements: co-supervised learning (CSL)
and self-supervised learning (SSL). This involves incremen-
tally adding CSL and SSL components to determine their
influence on performance. Additionally, we investigate the
effect of different backbone architectures, specifically ViT-
Base (Dosovitskiy et al. 2020) and ResNet-50 (He et al.
2016), to assess the model’s sensitivity to backbone choice
and identify optimal architectures for the given tasks. Fi-
nally, we explore the impact of various target encoders
within the SSL component, evaluating pretrained encoders
from state-of-the-art self-supervised learning methods such
as DINOv1 (Caron et al. 2021), DINOv2 (Oquab et al.
2023), MAE (He et al. 2022), and SAM (Kirillov et al.
2023), all based on the ViT-Base architecture. This analy-
sis will clarify how target encoder selection influences the
quality of learned representations and overall effectiveness.

MAE Dinov1 Dinov2 SAM
Target Vision Encoder

0.10

0.15

0.20

0.25

0.30

0.35

Sc
or

e

mAP
F1

Figure 8: Assessing the impact of using different target vi-
sion encoders on the CFT method performance.

We also experimented with the widely adopted ResNet-
50 (He et al. 2016) backbone. It is crucial to note the differ-
ing input image dimensions: 600×600 pixels for ResNet-50
versus 224 × 224 pixels for ViT. The corresponding perfor-
mance metrics, including mean Average Precision (mAP)
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and F1 score, are presented in Table 6. A comparison of
these results with those obtained using the ViT-base back-
bone (Table 2) reveals relatively minor differences in mAP
and F1 score. However, the metrics for each game title ap-
pear slightly better when using the ViT-base backbone com-
pared to ResNet-50. To rigorously evaluate this observation,
we conducted a paired t-test on the mAP scores obtained
from both backbones. The resulting p-value of 0.041 indi-
cates that the performance difference is statistically signifi-
cant at the conventional p-value=0.05 threshold. This finding
suggests that the ViT-base backbone yields superior visual
bug detection performance relative to ResNet-50, reinforc-
ing its potential as a more effective architecture for this task.

To evaluate the individual contributions of CSL and SSL
to visual bug detection, we conducted an ablation study us-
ing a ResNet-50 backbone. We assessed the CFT model’s
performance across four configurations: with both CSL and
SSL enabled, with only CSL, with only SSL, and with nei-
ther.

Table 6 summarizes these results, where ”True” denotes
inclusion and ”False” denotes exclusion of a component.
The highest performance, in terms of both mean Average
Precision (mAP) and F1 score, is observed when both CSL
and SSL are enabled. Conversely, the absence of both com-
ponents yields the lowest performance, underscoring their
collective importance.

Interestingly, enabling only SSL does not significantly
improve performance over the baseline (neither component
enabled), suggesting that SSL alone may be insufficient in
this context. However, the inclusion of CSL, even with-
out SSL, leads to substantial performance gains, indicating
CSL’s more dominant role in enhancing the model’s com-
prehension of visual bugs. Nevertheless, SSL provides com-
plementary benefits, as its addition to a CSL-enabled model
further boosts performance. This demonstrates that while
CSL is highly impactful independently, SSL contributes ad-
ditional value synergistically.

P-Value(mAP) P-Value(F1)

MAE vs SAM 0.0 0.0077

DINOv2 vs SAM 0.5036 0.6184

DINOv1 vs MAE 0.3084 0.1834

DINOv2 vs MAE 0.0 0.0145

DINOv1 vs DINOv2 0.0 0.0025

Table 5: Statistical significance t-test analysis for using dif-
ferent target vision encoders in the self-supervised learning
objective of the CFT method.

We further investigate the impact of different target vi-
sion encoders used in the SSL component of the CFT model.
Specifically, we evaluate four widely adopted pretrained Vi-
sion Transformer (ViT) encoders: DINOv1, DINOv2, MAE,
and SAM. Each vision encoder is seamlessly integrated into
the CFT framework. To ensure statistical robustness, we per-
form five independent simulation runs for each configuration

using the half Highrise training dataset, which accelerates
simulation without compromising generality. The results are
visualized in the box-and-whisker plots shown in Figure 8.
From Figure 8, we observe that the MAE and DINOv1 vi-
sion encoders yield highly overlapping distributions in both
mAP and F1 score, suggesting comparable performance.
To statistically validate this observation, we perform a two-
sample t-test between the results of DINOv1 and MAE mAP.
The resulting p-value of 0.3084 indicates that the perfor-
mance difference between these two vision encoders is not
statistically significant at the 0.05 level. In contrast, the per-
formance of DINOv2 and SAM encoders is notably lower.
A t-test comparing MAE and SAM mAP yields a p-value of
0.0, confirming a statistically significant difference in per-
formance. More t-test results are given in Table 5. These
findings suggest that while DINOv2 and SAM may be ef-
fective in other contexts, they are less suitable as target en-
coders in the SSL component of the CFT model. These re-
sults indicate that both MAE and DINOv1 serve as strong
candidates for the target encoder in SSL, offering signifi-
cantly better performance than DINOv2 and SAM. Given
their similar effectiveness, either MAE or DINOv1 can be
confidently selected for use in the CFT framework.

Generalization to Other Visual Bug Types in Games:
Answering research question RQ4, we evaluate the pro-
posed method’s generalization capabilities for detecting
single-frame visual bugs. These bugs primarily include float-
ing object artifacts and texture distortions. Floating object
bugs manifest when objects, typically expected to rest on
a surface, appear suspended above it, creating a visible
gap. Texture bugs are categorized as low-resolution texture
defects, characterized by blurriness or lack of detail, and
stretched texture distortions, where textures appear unnat-
urally elongated or distorted on an object’s surface.

We evaluated the CFT model on these single-frame bug
categories using the GiantMap and HighRise datasets. The
GiantMap dataset includes 1,320 training, 120 validation,
and 960 testing samples. The HighRise dataset comprises
3,326 training, 287 validation, and 2,450 testing samples.
Evaluation results, measured by mean Average Precision
(mAP) on the test sets, are presented in Table 7. As shown,
CFT consistently outperforms AutoML on the GiantMap ti-
tle for both floating and texture single-frame bug categories,
regardless of the training dataset size (full or half). This
highlights CFT’s robustness and effectiveness in this con-
text. Conversely, for the HighRise title, CFT and AutoML
exhibit comparable performance, achieving similar results,
particularly within the texture bug category.

Implementation Detail
Model training was primarily conducted on a server featur-
ing an NVIDIA RTX A6000 GPU with 49 GB of memory,
running Ubuntu 18.04. Training spanned 30 epochs with a
base learning rate of 0.0001. The per-device batch size was
initialized to 10. To achieve a larger effective batch size
without exceeding GPU memory, we utilized gradient ac-
cumulation with an accumulation step of 10, resulting in an
effective batch size of 100 (10×10=100). When adapting to
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SSL: True, CSL: True SSL: True, CSL: False SSL: False, CSL: True SSL: False, CSL: False

mAP F1 mAP F1 mAP F1 mAP F1

GiantMap 0.936 0.918 0.901 0.842 0.918 0.890 0.898 0.836
CombatGame 0.154 0.438 0.062 0.295 0.144 0.413 0.056 0.281
Highrise 0.330 0.434 0.061 0.169 0.329 0.418 0.057 0.090

Table 6: Performance impact of co-supervised learning (CSL) and self-supervised (SSL) objectives on the CFT model perfor-
mance.

Game Title
Floating Texture

AutoML CFT AutoML CFT
100% 50% 100% 50% 100% 50% 100% 50%

Giantmap 0.831 0.811 0.864 0.850 0.796 0.781 0.828 0.803
Highrise 0.733 0.690 0.721 0.618 0.965 0.954 0.968 0.956

Table 7: Single frame visual bug detection performance results comparing the CFT method with the best performing Azure
AutoML baseline.

different hardware, the per-device batch size was adjusted,
while maintaining an effective batch size of 100 by propor-
tionally modifying the accumulation step, ensuring consis-
tent training dynamics. For optimization, the AdamW opti-
mizer (Loshchilov and Hutter 2017) was employed along-
side a cosine annealing learning rate schedule (Loshchilov
and Hutter 2016). A warm-up phase was applied during the
initial 10 epochs to stabilize early training. Additionally, L2
regularization with a weight decay coefficient of 0.0005 was
used to mitigate overfitting and enhance generalization.

Limitations & Future Work
The limitations of the proposed hybrid co-finetuning method
can be summarized as follows:

• Pixel Modality Dependency: Our method’s reliance on a
pixel-only (RGB) modality represents a potential limita-
tion. While other vision modalities, such as depth or seg-
mentation, could enhance feature representation learning
and labeled data efficiency, their generation or estimation
poses greater challenges, introducing additional compu-
tational and memory complexities.

• Absence of Adaptive Objective Balancing: The current
hybrid learning framework lacks an automated mecha-
nism for balancing the supervised and self-supervised
learning objectives. This may restrict its applicability to
diverse downstream tasks without meticulous fine-tuning
of the mixing hyperparameters.

• Non-Adaptive Co-Domain Data Mixing: Our method
currently assumes a uniform mixing strategy for training
samples sourced from the co-domain (mixture of other
games). This approach may not be optimal in scenar-
ios where certain games within the mixture could exert
a more substantial transfer impact than others.

In light of these limitations, our future work directions
are outlined. We aim to investigate methodologies for learn-
ing a shared embedding space across multiple vision modal-

ities (Bachmann et al. 2022; Girdhar et al. 2022) during
training time while restricting inference to the pixel modal-
ity for runtime efficiency. Another direction involves explor-
ing adaptive data mixing strategies (Hejna et al. 2024) to
identify an optimal scheme tailored to specific downstream
gaming domains. Finally, we plan to cover additional multi-
frame visual bug types, such as Z-fighting or lighting bugs.
In terms of training time, under identical hyperparameter
settings, the baseline model for Giantmap trains in about 1.5
hours, while the CFT takes roughly 9.3 hours. Accelerating
CFT training remains a direction for further study.

Conclusion
We introduce a hybrid co-finetuning (CFT) method for
multi-frame visual bug detection, which enhances perfor-
mance and data efficiency by leveraging both labeled and
unlabeled training data. This is achieved through a hybrid
workflow that fuses supervised and self-supervised learning
signals from the target game domain with a co-domain de-
rived from a mixture of other games.

Our comprehensive evaluation compared the proposed
method against established baselines across three distinct
AAA game titles. The performance results indicate that our
method consistently outperforms the best baseline on all
datasets. Notably, it maintains a statistically significant per-
formance advantage even when trained with half the size
of the original datasets. We also conducted an extensive
ablation study to evaluate the impact of different architec-
tural components within the proposed method. Finally, we
demonstrated the method’s generalization potential by ap-
plying it to other types of visual bugs sampled from two ad-
ditional gaming environments.

In conclusion, our CFT method effectively demonstrates
the benefits of supervised co-finetuning using a mixture
of other games, while simultaneously leveraging unlabeled
data through self-supervised learning as an auxiliary objec-
tive.
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