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Abstract. Domain randomisation enhances the transferability of vision
models across visually distinct domains with similar content. However,
current methods heavily depend on intricate simulation engines, hamper-
ing feasibility and scalability. This paper introduces BehAVE3, a video
understanding framework that utilises existing commercial video games
for domain randomisation without accessing their simulation engines.
BehAVE taps into the visual diversity of video games for randomisation
and uses textual descriptions of player actions to align videos with sim-
ilar content. We evaluate BehAVE across 25 first-person shooter (FPS)
games using various video and text foundation models, demonstrating its
robustness in domain randomisation. BehAVE effectively aligns player
behavioural patterns and achieves zero-shot transfer to multiple unseen
FPS games when trained on just one game. In a more challenging sce-
nario, BehAVE enhances the zero-shot transferability of foundation mod-
els to unseen FPS games, even when trained on a game of a different
genre, with improvements of up to 22%. BehAVE is available online4.

1 Introduction

Video game engines uphold an internal representation of the game environ-
ment [12, 17], encompassing essential variables such as player position and map
layout. Upon undergoing processing by the game graphics renderer, this data
becomes intricately entwined with the game’s visual style, resulting in the im-
ages presented to the player on screen. Securing access to game engine data,
however, proves challenging, if not impossible in practice, particularly for com-
mercial video games. Consequently, this circumstance directs the trajectory of
game artificial intelligence (AI) research towards the utilisation of more accessi-
ble game representations such as pixels [14, 39]. Unfortunately even with state
of the art pre-trained computer vision (CV) models the resulting game pixel
encodings do not generalise well, even between games of the same genre, and
suffer from what is known as the domain gap problem [35] (see Fig. 1a).
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(a) Foundation Encodings (b) BehAVE Encodings

Fig. 1: High level overview of the BehAVE framework. The t-SNE plots show encod-
ings of short video sequences from 5 distinct FPS games: (a) indicates the domain gap
between encodings of different games from a video foundation model, while (b) shows
encodings aligned by BehAVE. The framework positions similar player behaviour en-
codings (e.g., aim gun) closely across visually diverse games like PUBG (left) and Apex
Legends (right).

Improving model generalisation stands as a pivotal problem within machine
learning (ML) research, encompassing various research topics such as domain
adaptation, meta-learning, and transfer learning. Domain generalisation [33] has
emerged as a focal point of interest aiming to develop models capable of ef-
fectively generalising across unseen testing domains by leveraging training data
from diverse but related domains. One highly promising technique for enhanc-
ing the transferability of CV models in games is domain randomisation [28],
a simple technique that improves the robustness of a CV model by training
it on visuals derived from randomising rendering parameters of a simulator en-
gine. Building accurate large-scale simulators, however, is a formidable challenge
which requires significant time, expertise, and effort [6]. Identifying and ran-
domising relevant simulation parameters adds further to the complexity, making
the entire process a resource-intensive endeavour. Additionally the randomisa-
tion process can occasionally lead to inaccurate and infeasible results.

To address the above mentioned issues, in this paper we introduce a novel
approach to domain randomisation that leverages the rich visual diversity in-
herent in video games; see Fig. 1. Specifically our framework distinguishes
itself by not relying on game engine access for the randomisation process. This
unlocks the potential of CV to be trained and tested on videos from commercial-
grade video game titles, a capability that has, until now, remained elusive. Our
Behaviour Alignment of Video Game Encodings (BehAVE) framework har-
nesses the unique characteristic of gameplay videos opposed to any other videos
available. Gameplay video footage is generated by sequential player actions (i.e.,
controller inputs) that control on-screen animations characterised as player be-
haviour. Using player actions, BehAVE is able to align video encodings of sim-
ilar player behaviours across visually diverse games (i.e., different domains).
Crucially, it employs semantic action encoding, a method that infuses semantic
information about behaviour through textual descriptions of actions, which are
encoded using pre-trained text encoders [15]. As a result, the text encodings of
player actions guide the behavioural alignment of video encodings.
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We train BehAVE’s alignment module, implemented on top of foundation
video encoders [30], across a diverse array of games from the first person shooter
(FPS) game genre, namely our introduced SMG-25 dataset. Our findings suggest
that BehAVE is able to uncover similar behavioural patterns—despite visual
distinctions, such as variations in game style or aesthetics—across unseen games
of the SMG-25 dataset (see Figure 1 for an illustrative example). The alignment
training proves efficient even with small datasets comprising only a few games,
and it demonstrates robustness across various tested video and text encoders.

To assess the transferability of BehAVE we test it on a video understand-
ing task across various FPS games, while solely being trained on the FPS game
Counter Strike: GO (Valve, 2012). Further, we test a more challenging scenario
evaluating the transfer performance to the FPS genre from Minecraft (Mojang,
2011) a first person game from a different genre (non-FPS). Our findings indi-
cate higher transferability when learning to classify behaviour from our aligned
representation space as compared to without, showcasing up to 22% higher clas-
sification accuracies across the different behaviour categories tested. We view
this as a potential avenue for annotating extensive datasets of online gameplay
videos with behaviour labels, thereby serving as a stepping stone towards learn-
ing generalised representations of behaviour in videos. Our contributions can
be summarised as follows: (1) We introduce the BehAVE framework for do-
main randomisation via commercial video games; (2) We propose Semantic
Action Encoding for representing player actions as textual descriptions pro-
cessed through a pretrained text encoder; (3) We introduce the SMG-25 dataset
of synchronised gameplay and actions.

2 Background

Video Understanding in CV. Video understanding methods seek to interpret
visual information embedded within temporal image-sequences. Recent strides in
deep learning have led to attaining remarkable performance in diverse video un-
derstanding tasks, including but not limited to video classification [4], video sum-
marisation [1], short and long-form video understanding [38], and object track-
ing [44]. Current endeavours focus on training strategies that are independent
of any specific downstream task. The resulting video foundation models [34, 36]
yield powerful video representations, readily applicable across a diverse range
of tasks. We use such foundation models in our study courtesy of their out-of-
the-box performance and employ them as is (i.e. frozen) bounded by limited
computational resources [29]. This underscores the computational efficiency of
our video understanding framework, ultimately enhancing its accessibility.

Transferable CV and Domain Randomisation. Despite their impres-
sive out-of-the-box performance, foundation models showcase limited capacities
on transferring knowledge from one domain to another visually distinct domain,
primarily due to the “domain gap” challenge [31,32]. Tobin et al. [28] introduced
the technique of domain randomisation to train transferable vision models by
injecting variability during learning. This is achieved by randomising the ren-
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dering of a simulator that generates training data. Leiprecht [11] showcases the
efficacy of domain randomisation in CARLA [6], a large-scale driving simulator.
Mishra et al. [13], however, bring to light the numerous complexities associated
with identifying and tweaking relevant parameters of such simulators. Further-
more, Kim et al., [8] emphasise the limited variability that can be attained from
a single simulator, impacting the transfer capacity [42]. Hence, in this work, we
adopt a simulator-free approach for visual domain randomisation.

Video Games for CV. Inspired by insights from [23] and [20] suggesting
that procedurally generated sets of diverse games enhance generality in machine
learning, we explore the use of existing video games in CV. Several recent studies
investigate the use of commercial-standard games as an alternative to dedicated
in-lab simulators or procedural game level generation approaches, in an attempt
to circumvent limitations related to inaccessible game engines. Notably, Grand
Theft Auto 5 (Rockstar, 2013) serves as a popular video game for collecting anno-
tated data, achieved by intercepting rendering communication between graphics
hardware and the screen buffer [10,22,27] or employing a game modification such
as “infrared vision mod” [7]. Alternatively, Pearce and Zhu [16] gather internal
game state information from CS:GO by probing the machine’s memory. In con-
trast to such prior works involving the “reverse-engineering” of game engines,
our approach captures high-level game information such as player actions using
raw inputs from the machine’s I/O devices, thereby simplifying the collection of
annotated gameplay and boosting the scalability of our method across numerous
commercial video games.

Multimodal Alignment of CV Models. Given that BehAVE consid-
ers different modalities of input such as videos of gameplay and corresponding
player actions, we draw inspiration from contemporary work in video action
recognition [43]. In their work with a paired video-text caption dataset, Song et
al. [26] extract verbs from captions and use them as action labels. Our frame-
work builds on similar principles utilising language models [15], but instead,
encodes player actions; BehAVE then uses these action encodings for alignment
with another modality, namely gameplay videos. To achieve this, we rely on
multimodal alignment frameworks that operate with and align vision and lan-
guage such as CLIP [18] and VideoCLIP [9,40]. Drawing upon insights from the
aforementioned studies, we propose a novel method for performing visual do-
main randomisation with commercial games by aligning gameplay videos with
semantically represented player actions.

3 The BehAVE Framework

As introduced earlier, we present BehAVE, a framework operating on paired
visuals-and-actions datasets derived from commercial games, with the aim of
aligning video encodings based on similar player behaviour. The BehAVE method
is presented in Algorithm 1 and visually depicted in Figure 2a. In Section 3.1, we
explain the special structured dataset of games imperative for our framework,
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Algorithm 1 Behaviour-Alignment Training with BehAVE
1: Inputs: Games Dataset D, semantic action mapper m, pre-trained text encoder h,

pre-trained video encoder f and trainable alignment projector p.
2: for (video V; actions A) in D do
3: Compute video encoding zvideo = f(V )
4: Compute action encoding zcaption = h(m(A))
5: Project to aligned encoding zalign = p(zvideo)
6: Calculate loss Lcos = 1� cosine(zalign; zcaption)
7: Update projector network parameters pθ

8: end for
9: Output: Trained alignment projector p.

followed by Section 3.2 covering the encoder models used for both modalities.
Finally, Section 3.3 details the training method employed.

3.1 Games Dataset for Training BehAVE

A crucial component of our domain randomisation framework involves the metic-
ulous preparation of a dataset adhering to a specific structure that accommodates
semantically similar visual content represented across diverse visual styles. We
enforce this structure via the selection criteria of the various commercial games
in the training dataset. Note that since BehAVE is trained upon player-game
interaction data, we do not require access to the game engines, making it a viable
strategy to use commercial games.

Game Selection for Domain Randomisation. Let G represent a game,
with a frame-renderer g, and G 2 C, where C denotes the family of games of a cer-
tain game genre category. Given that domain randomisation with customisable
simulators involves the adjustment of simulator render parameters, we proceed
to identify and formally define comparable parameters � within the context of
video games. Each game’s renderer encompasses certain game-specific parame-
ters denoted as “game style parameters” (�G), associated with either the visual
aesthetics of the game, such as textures and colours of objects, or the underlying
rules governing the game, such as game physics. These parameters are consid-
ered invariant throughout the game, reflecting game design choices made during
development, and are less likely to be shared across all games of this genre cat-
egory. In the context of our analysis involving multiple commercial games, we
observe �G 2 � where � represents the diverse global game-design space, intro-
ducing implicit “randomisation” into our framework. This unique characteristic
of games makes them ideal for the purpose of visual domain randomisation.

Additionally, we also characterise all game-state-specific parameters of the
renderer, including the player’s spatial coordinates, health or ammunition status,
and camera perspective, as “game content parameters” (�Ct ), which dynamically
evolve at each timestep t in response to player interactions with the game envi-
ronment. Note that these parameters remain largely consistent across different
games that are categorised under the same genre.
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(a) Behaviour Alignment

(b) Behaviour Classification

Fig. 2: Overview of experiments and datasets used: (a) Behaviour Alignment: Be-
hAVE is trained on synchronised gameplay video and player actions from the SMG-25
train dataset, and evaluated on unseen games from the SMG-25 test dataset. (b)
Behavior Classification: We test the transferability of a video classification task.
BehAVE is trained independently on CS:GO and Minecraft, and transferred to the
SMG-25 test dataset.

Synchronised Gameplay Recording. At each timestep t, we obtain two
synchronised information streams—visuals and actions. Player inputs or actions
are selected from the shared action space of the game genre C and are represented
by a set of NC unique keypresses as At = fangN

C

n=1, where an 2 f0; 1g. Visuals
are recorded in the form of RGB frames Ft � Rh�w�3 where h is height and w
is width. The visuals of a game can be regarded as dynamic sequences of frames
that arise from the interactions between the player and the game, as follows:
Ft+1 = g(Ft; At; �

C
t j �G). Thus, the video frames are generated sequentially by

the game renderer g processing the game content and player action information
at every timestep for the given predefined game style. This inherent character-
istic of gameplay visuals, derived from player interactions, enables us to employ
actions for effectively discerning visual content.

Data Pre-processing. Although we collect data at the timestep level, our
framework operates on videos for identifying behaviour. To this end, we aggre-
gate data over consecutive timesteps, forming a window of length T to obtain
video sequences V = (F1; F2; :::; FT ) and action sequences A = (A1; A2; :::; AT ).
Consequently, for each game, the synchronised gameplay-actions dataset is de-
noted as DG = f(Vi; Ai)gIi=1 where jDG j= I. We construct the overall dataset
D =

⋃
G2C D

G comprising of k = jDj “distinct” games from the game genre C,
adhering to the previously outlined selection strategy. This dataset forms the
basis for behaviour alignment training.
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3.2 Encoding the Modalities

Video Encoding and Alignment. As previously stated, we harness the ca-
pabilities of a pre-trained video foundation model in our study for video under-
standing. Let f denote the backbone model of avideo encoder; thus, the latent
representation of the backbone's video encoding can be given byzvideo = f (V )
(Algorithm 1, line 3), where V denotes a 1 second video consisting of 16 con-
secutive frames. Note that we employf within our training in a frozen state,
a decision in�uenced by our evaluation of foundational models as well as other
computational constraints. To facilitate the alignment of representation spaces
of di�erent modalities within our framework, we employ a trainable MLP model
p that acts as an alignment projector and operates on top of the video encoder,
yielding the aligned projection encodingzalign = p(zvideo ) (Algorithm 1, line 5).

Semantic Action Encoding. As previously explained, each video is asso-
ciated with a sequence of binary actionsA, indicating the presence or absence
of a key-press at every timestep. Binary labels for actions, however, o�er limited
insights into the inter-relationships among various sub-actions. For instance, in
FPS games, the binary encodings of the four actions�move left, move right,
shoot gun, and aim gun�are equidistant from one another. This encoding type,
however, fails to capture the underlying semantic similarity between the �rst two
actions (i.e., related to movement), the last two actions (i.e., related to weapon
use) and also the semantic di�erence between these two behavioural categories.

To address the above limitation, we propose to equip BehAVE with a hand-
crafted semantic action mapper function m which injects semantic information
into the action encodings via text. It maps the binary sequence of keypresses to a
behaviour text caption. Then, we use a pre-trained text foundation model in the
form of a text encoderh that gives the caption's text encodingzcaption = h(m(A))
(Algorithm 1, line 4). We argue that such pre-trained encoders will be able to
better capture the inter-relationships among the joint distribution of actions that
are otherwise di�cult to represent with binary action encodings.

3.3 Alignment Training

Upon obtaining the encodings of videos and actions, we initiate the training
phase of the framework using the speci�ed dataset of games. We observe di�er-
ent video sequences exhibiting similar behaviour across di�erent games. Conse-
quently, to align the representation space of the video encoder to match that
of the text encoding of behaviour, we choose to train our projector head as at-
tached to the video encoder. Subsequently, we use a lossL cos (Algorithm 1, line
6) based on the cosine similarity between the video projector encoding and the
behaviour text encoding so that the former aligns with the latter on the same
(shared) representation space. The loss is de�ned as follows:

L cos(zalign ; zcaption ) = 1 �
zalign � zcaption

kzalign k2 kzcaption k2
(1)
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Upon completion of the alignment training, the video encoder equipped with
the trained alignment projector can be utilised on any other visual content for
video understanding, without requiring access to any other modalities�such as
player actions�that only pertain to games.

In summary, the introduced BehAVE framework operates as follows. The
structurally enriched dataset of the framework facilitates domain randomisation,
the pre-trained video encoder enables video understanding, the semantic action
encoding introduces the semantic notion of behaviour, and the alignment training
module ensures enhanced transferability in video understanding.

4 Experiments

Figure 2 outlines the two primary experiments conducted in our study: 2aBe-
haviour Alignment, where we perform alignment training (Section 4.2), and 2b
Behaviour Classi�cation , where we assess transferability of the aligned models
in a downstream classi�cation task (Section 4.3). Before delving into the experi-
ments, in Section 4.1 we introduce the datasets and evaluation metrics employed.
Note that all experiments have been carried out on a single GTX 1070 (8GB)
GPU, highlighting the cost-e�ective nature of our method.

4.1 Dataset and Metrics

We test BehAVE on three datasets, namelySMG-25, CS:GO, and Minecraft ,
across the two experiments of our study. TheSMG-25 (Synchronised Multi-
Game FPS Dataset) is our newly introduced dataset illustrated in Figure 3
that encompasses synchronised gameplay visuals and player action data from
multiple commercial First Person Shooter (FPS) games, gathered following the
structure outlined in Section 3.1. It comprises over� 250K data points spanning
25 visually diverse FPS games, encompassing actions related to player behaviour
categories such aspanning (player looking around), navigation (player moving
in the environment) and weapon usage(player engaging the equipped weapon).
We partition it into an SMG-25 train set for use in Experiment (a) and an
SMG-25 test set used for evaluations in both Experiments (a) and (b). The
train-test splits consist of disjoint sets of games, enabling evaluation of zero-shot
performance on unseen games. Further details about this dataset are available in
supplementary material. Additionally, we source similar gameplay-actions data
from other commercial games, namelyCS:GO (180K data points of cs-dust
level from [16]) and Minecraft (50K data points of contractor demonstrations
from [3]), which serve as training datasets for Experiment (b).

Evaluation Metrics. To comprehensively assess the alignment quality in
Experiment (a) and the transferability of aligned models in Experiment (b), we
employ several metrics. TheSilhouette Score[24], ranging from -1 to 1, quanti-
�es the cluster quality of embeddings. In Experiment (a), it is used to gauge the
e�ectiveness of the alignment projection based on behaviour categories as clus-
ter labels, with a higher score indicating better-de�ned clusters. Additionally,
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