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Abstract—Representing games through their pixels offers a
promising approach for building general-purpose and versatile
game models. While games are not merely images, neural
network models trained on game pixels often capture differences
of the visual style of the image rather than the content of the
game. As a result, such models cannot generalize well even within
similar games of the same genre. In this paper we build on recent
advances in contrastive learning and showcase its benefits for
representation learning in games. Learning to contrast images of
games not only classifies games in a more efficient manner; it also
yields models that separate games in a more meaningful fashion
by ignoring the visual style and focusing, instead, on their content.
Our results in a large dataset of sports video games containing
100k images across 175 games and 10 game genres suggest that
contrastive learning is better suited for learning generalized game
representations compared to conventional supervised learning.
The findings of this study bring us closer to universal visual
encoders for games that can be reused across previously unseen
games without requiring retraining or fine-tuning.

Index Terms—computer vision in games, generalized represen-
tations, contrastive learning

I. INTRODUCTION

The use of pixels to represent games is gradually dominating
the field of artificial intelligence (AI) in games [1] with appli-
cations that vary from gameplaying agents [2]-[4], and game
content generation [5], [6] all the way to player affect model-
ing [7], [8]. Deep learning methods—predominately variants
of convolutional neural networks (ConvNets)—process the
RGB pixels of the game and convert them into a compressed
representation that approximates the internal state of the game
world. While computer vision methods appear to offer certain
capacities when it comes to their general use across games,
they come with certain limitations including the computational
cost of training and their poor reusability across games.

A common approach for reducing computation effort and
improving on generality is to use and fine-tune pretrained
models such as ResNet [9] that are trained on large datasets
such as ImageNet [10]. While such models can detect many
common everyday real-world objects, they still require fine-
tuning when applied to games as they are far from ideal repli-
cas of the real-world. Importantly, games are not merely im-
age representations; gameplay images contain both functional
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Fig. 1: Examples of the domain gap problem observed when
comparing different games of the same genre. The scatter-
plots (right) highlight the intra-genre domain discrepancies
with the help of t-SNE visualization of Imagenet-ResNet50
feature vectors on screenshots of various games (left).

properties associated with the game genre (e.g. corridors,
tracks and platforms that define movement constraints) and
aesthetic elements unique to each game (e.g. the various art
styles available in match-3 tile games). As a visual example of
this issue, Fig. 1 displays games with similar content (i.e. same
game genre) but with different visual style. The representations
obtained from these game images with a pre-trained ResNet-
50 model can be visualized on a 2D plane using ¢-distributed
stochastic neighbor embedding (t-SNE) [11]. We observe that
the 2D embeddings of representations of 3 different Soccer,
FPS and Racing games form their own separate “clusters” in
the Euclidean space. This phenomenon, named domain gap
[12], occurs due to the visual styling differences in each
game, leading to shifts in the distributions. It is therefore
expected that any Al algorithm that builds on representations
obtained from a pre-trained model will only operate well on
the particular game it is trained on, and will require substantial



fine-tuning (retraining or transfer learning) in order to be of use
on other games. This lack of generalizability and reusability
makes pixel-based deep learning impractical across different
games even if they belong to the same genre.

To tackle the above-mentioned challenges in this paper
we introduce contrastive learning [13] as a novel way to
approach the domain gap challenge in games. Our hypothesis
is that by contrasting pixel-based representations—instead of
merely classifying them—we can fine-tune pre-trained Con-
vNet models that better capture the underlying content of
the game rather than its style. We test our hypothesis on a
new dataset, namely Sportsi0, featuring 100k images of 175
different games across 10 sports game genres. By training
ConvNets on this dataset via fully supervised and contrastive
learning techniques, we show that the latter is better suited
for not only achieving higher genre-classification accuracy, but
more importantly, for attaining better generalization capacity.
Findings suggest that contrastive learning yields more general
pixel-based representations of games by focusing more on the
content of the game while demonstrating better invariance to
the visual styling differences in the provided images.

II. REPRESENTATION LEARNING IN GAMES

Recent research in machine learning has often developed in-
telligent systems that use pixel information as the (only) input.
In games, pixel representations have been used for content-
based retrieval for moments [14] and to predict players’
affective states [7]; however, the most prominent application
is Deep Reinforcement Learning. Mnih ef al. [2] introduced
one of the first game-playing agents for Atari games that
learns control-policy directly from pixels using ConvNets.
This work was extended by Kempka et al. [15] to play
Doom (id Software, 1993) using screen buffer and depth
information processed by ConvNets in the ViZDoom platform.
Ha and Schimdhuber [3] presented a recurrent model that uses
convolutional auto-encoders with temporal memory to create
a world model of the game. Since auto-encoders are designed
to reconstruct the input from its encoding, this world model
can be seen as a compressed representation of the game that
encodes both content and style information of the environment.

A number of approaches attempt to encode only the content
information so that it makes the subsequent policy-learning
task easier. Srinivas et al. [16], for instance, combined pol-
icy learning along with representation learning in a unified
framework which yields representations that contain only the
content information of the game, which is a better resemblance
of a game’s internal state. Another direction focusing on the
separation of content from style is to derive style-invariant rep-
resentations of the game environment using data augmentation
techniques—such as color shift, gray-scale conversion, etc.—
that produce different styles of the same image [17]. Such
learning frameworks encourage the convolutional encoder to
ignore style-related information of the game that is present in
the screen pixels and focus more on the content. The scope
of generalization in such approaches, however, still remains
limited to the game environment that the visual encoder is
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Fig. 2: The causality framework for generalization in games.
Solid lines represent a causal dependency and dashed lines
represent flow of data. For a given game belonging to one
of the genres (y1::n), the graph showcases the relationship of
style (S) and content (C) of that game’s image (X) with its
learned representation and the predicted genre category (4)).

being trained on. As a result, these methods are still susceptible
to the domain gap problem described earlier.

When it comes to video games, Luo et al. [18] show how
to use transfer learning to train ConvNets for extracting game
events, but they do not focus on generalization. Khameneh
and Guzdial [19] try to tackle generalization, but their method
operates on game events extracted from internal state rather
than pixels. To the best of our knowledge there have been
no attempts to specifically tackle the domain gap challenge in
computer vision for video games. Motivated by this knowledge
gap and inspired by recent trends in computer vision [20]
we test the capacity of contrastive learning [13], [21] to
train visual encoders for video games and evaluate the extent
to which it can mitigate domain gap problems by learning
representations that can generalize over different games.

III. GENERALIZATION

While the broader definition of generalization in Al may
be rather subjective and open-ended [22], in this section we
provide its formal definition for our work and restrict its scope
in terms of representation learning in video games. We then
discuss how to quantitatively measure it in order to evaluate
the performance of our generalization models.

A. Definition

In this paper we define generalization as the ability of a
trained ConvNet model to process pixels of a game screen
and extract a meaningful representation of the game’s content
without being affected by the graphic styling of the game.
Figure 2 visualizes generalisation in the form of a causality
graph [20] showing the style-invariance requirement for a gen-
eralized game representation. Under this causality framework,
only the content of the game defines the game genre while the






