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Abstract—Affordance understanding in computer vision goes
beyond object recognition — it involves interpreting scenes in
terms of potential agent-object interactions. This work examines
the role of simulated environments in supporting such reasoning
in visual scenes. Three simulation tools (Gymnasium, SUMO, and
CARLA) are evaluated regarding their suitability for affordance
research, with special attention to video-based data generation,
multimodal perception, and interaction modeling. Within the
Gymnasium library, selected environments are compared based
on criteria such as element countability, scene diversity, and
logging capabilities. The analysis identifies key limitations in
existing tools and underscores the need for scalable, user-
configurable platforms designed to support perception, learning,
and generalization in affordance-centric applications.

I. INTRODUCTION

Fundamental elements for the survival and adaptation of
organisms include the ability to perceive their environment
and infer actions based on the dispositional capabilities of
these elements [1]. In artificial systems, this perceptual ability
has been primarily developed through computer vision, which
plays a central role in enabling machines to interpret visual
input. Advances in this field are essential not only for basic
perception but also for supporting more complex reasoning
processes. Such capabilities are especially valuable in domains
like engineering, robotics, and artificial intelligence (AI),
where systems must react appropriately to their surroundings.

Historically, computer vision has focused on tasks such as
segmentation, classification, and labeling of objects in images.
Systems like CLIP [2] and Segment Anything [3] showcase
advancements in visual element identification and categoriza-
tion. However, these applications typically did not require
models that could think about possible interactions between
elements in a scene. The success in descriptive tasks has led
to new research focused on the contextual interpretation of
scenes, which is crucial for applications such as autonomous
driving and robotic manipulation. In these contexts, simply
recognizing objects is insufficient. It is essential to understand
the relationships between scene components, predict actions,
and plan pathways that adhere to the relevant goals and rules.

This brings us to the concept of affordances, originally
introduced by Gibson [1]. He suggested that perception ex-
tends beyond merely identifying objects. It encompasses the
immediate recognition of actions that can be performed with
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or initiated by those objects. Affordances enable us to describe
how humans and other animals perceive their environment
without requiring an intermediary classification process. An
example is an open door: both a person and a cat can recognize
the potential to pass through it, even though they may have
different internal representations of the world.

Based on this comprehension of affordances, a key chal-
lenge is how to develop computational models of affordance
learning and understanding capable of reproducing mecha-
nisms similar to human intelligence. This requires visual envi-
ronments that present a great diversity of objects, agents, and
changing dynamics over time. Also, following the traditional
machine learning paradigm, we need to train these models
and have the means to annotate the elements and actions in
the observed scenes.

Although real-world video annotated datasets exist, they are
far from being adequate for this type of research. Typical
limitations include scale, annotation quality, and variabil-
ity. Even the most prominent datasets, like Ego-Exo4D [4],
EPICKITCHENS [5], and HVU [6], are restricted to dozens
of scenario categories or many different examples of the same
type of environment. Furthermore, while their annotations
may be high-quality and their examples naturalistic, they
lack the ability to represent fine-grained variations in object
arrangements within the same scene.

An envisioned approach is the adoption of simulated envi-
ronments, which offer viable alternatives for generating data
when suitable real-world datasets are unavailable. Simulations
allow us full control over the environment, enabling us to
define the number and the type of agents and objects, track ele-
ment positions, monitor when objects will appear or disappear,
and capture interactions. This control allows for the automatic
generation of labeled datasets with high-quality annotations
specifically tailored to computer vision tasks.

These simulated environments are valuable for affordance
modeling because effective scene understanding and reasoning
benefit from minimal variation in background scenes while
allowing controlled variation in object configurations. Besides,
video data is essential not only for representing the temporality
of actions, but also for enabling us to predict future actions and
perform temporal reasoning. Despite the abundance of image-
based annotated datasets, video datasets that capture contin-



uous agent-object interactions with subtle scene variation are
still rare, limiting experiment design.

In this context, this paper analyzes three simulation tools
from the perspective of visual world understanding research,
recognizing the demand for video-annotated and task-specific
datasets in the field. The agents operating within these envi-
ronments can be trained via reinforcement learning methodolo-
gies. Also, we explore two traffic simulators, which have been
widely used in autonomous driving tests and routine planning.

It is important to note that the selected environments are
well-established within their respective domains. Gymnasium
[7] was chosen for being renowned for its reinforcement
learning capabilities, while SUMO [8] and CARLA [9] are
commonly used in the realm of autonomous driving.

II. METHOD

Following the previous motivation, our objective was to
identify simulation tools capable of supporting affordance re-
search. Our focus relies particularly on tasks that involve visual
world understanding, multimodal perception, and interaction-
based reasoning. Since affordances depend on perceiving not
only the presence of objects but also their potential for action,
the environments must offer more than visual recognition.
They must allow controlled access to relationships and dy-
namics that emerge during agent-object interaction.

The environments analyzed in this work were selected
based on their prominence within their specific research areas
related to visual world understanding and action planning.
Gymnasium [7] library is widely recognized in the reinforce-
ment learning community for offering a broad selection of
environments designed to test and benchmark agent behaviors.
In the context of autonomous driving and multimodal systems
that incorporate inertial and spatial data, the traffic simulators
SUMO [8] and CARLA [9] are well-established tools.

The selection of environments involved systematically ex-
ploring the options available within these simulation tools. In
particular, a wide range of Gymnasium-based environments
was explored. These included Atari games, First-Party envi-
ronments such as Gymnasium-Robotics and the PettingZoo
multi-agent reinforcement learning suite, as well as a variety of
Third-Party environments maintained by the broader research
community rather than by the Farama Foundation itself [7].
Several criteria were used to include or exclude environments.

A fundamental requirement is the possibility to count the
types and quantities of objects present in the scene at any given
time step or iteration. For instance, in the Knights Archers
Zombies game from PettingZoo, there are two archers, two
knights, and a user-defined number of zombies. The archers
shoot at the zombies, while the knights chase them as they
appear at the top of the screen. Because the goal is to study
controlled environments, it is necessary to be aware of which
objects are present, where they are, and when they occur.

Additionally, the environment should include a variety of
countable objects, agents, and scenes. This diversity is criti-
cal for evaluating whether models can generalize perceptual
understanding beyond memorizing a limited set of patterns.

Multi-agent simulators are ideal for this purpose. For example,
while the Gymnasium-Robotics Franka Kitchen features only a
9-DoF Franka robot, it includes multiple household items that
enable multitasking. Therefore, even without much diversity,
we may still use this environment for testing purposes.

Besides, it is necessary that the environments support multi-
modal reasoning. In particular, audio channels are a desirable
feature, as they open possibilities for deeper and more general
scene understanding. Control over the scene is another key
factor. Since the project focuses on modeling agent-agent,
agent-object, and object-object interactions, environments have
to provide access to information about all elements that are
being simulated at every time step.

Ease of use is also an important criterion. Given the practical
need to explore and run multiple simulations, environments
that require a simple setup and can run on a CPU were prior-
itized. This ensured that the environments could be evaluated
without exceeding a few hours.

The environments that satisfied the criteria presented above
were selected for further analysis. In the next section, we
present and compare them based on their alignment with the
requirements. We also highlight their potential and limitations
for interaction modeling and video-annotated data generation.

III. RESULTS

Our search for simulated environments is summarized in
Table 1. Each column header in the table corresponds to one
of the criteria used for selecting the environments.

The environments selected for further analysis include a
range of gym-based simulations: specific Atari environments
(Double Dunk and River Raid), Knights Archers Zombies,
Franka Kitchen, Pokemon Red, and a basic custom grid-based
board featuring dynamic agents that we developed. These envi-
ronments share several characteristics that match our selection
criteria. They contain numerous identifiable objects, present
a manageable level of technical complexity, and operate on
a CPU. Additionally, they support various interactions, allow
for tracking and logging scene elements, and, despite being
stylized, exhibit diversity along with some similarities to the
real world, even in the absence of humanoid agents.

We initially focused on environments that support multiple
agents acting simultaneously, which we refer to as multi-agent
environments. However, we also included environments with
only one agent operating within the scenes, which we call
single-agent environments.

Traffic simulators were also considered in our initial search
due to their popularity in action-planning applications. How-
ever, they were excluded from the final analysis. SUMO, for
example, enables identifying agents in the environment at each
time step and provides access to their spatial coordinates over
time. It is lightweight and easy to use, but limited in diversity:
the only countable agents and objects are vehicles and traffic
lights. Additionally, there are no non-humanoid agents, and
the visual rendering consists of schematic top-down maps that
lack realism. SUMO does not support audio channels either.
Since our goal is to generate data that can help train more



TABLE I
COMPARISON OF SIMULATED ENVIRONMENTS BASED ON KEY CRITERIA FOR SUPPORTING AGENT-OBJECT INTERACTION STUDIES. ALL OF THEM USE
THE GYMNASIUM BASIC STRUCTURES IN THEIR IMPLEMENTATIONS.
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. possible to L battles between moves
be challenging. . documentation is DAL Are 93
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R ind
between objects and
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generalizable models, environments that offer richer and more
varied representations were prioritized.

In contrast, the CARLA simulator offers a wider variety
of countable agents and objects, including different types of
vehicles, pedestrians, traffic lights, and other elements. While
CARLA does not have audio channels by default, they can be
added through external libraries such as Pygame. It features
detailed environments that allow for customized scenes but
require significant processing power to run, even with a GPU.
This high computational requirement, combined with a steep
learning curve, makes its usability challenging. While CARLA

might be a good candidate for future work, its technical
constraints motivated us to focus on environments that are
more accessible and flexible.

During implementation, several reproducibility issues oc-
curred. It was common to find that environments depended on
outdated library versions, often leading to compatibility errors.
These barriers were mostly noticeable when preparing envi-
ronments for training using reinforcement learning techniques.

To ensure the data generated from simulations could support
supervised model training, we prioritized environments that
either had a fixed number of elements or were able to generate



a complete log of which agents and objects appeared in each
scene and at what time. This logging is critical for producing
high-quality annotations.

Analyzing Table I, we observe that the Custom Table with
Dynamic Agents environment stands out regarding element
counting and control. It allows complete scene specification
and supports logs for every interaction. Therefore, it provides
superior scene control and is the most flexible in terms of
countable content.

Some Atari environments also offer a reasonable number
of distinct elements. However, they do not allow explicit
specification of which elements are present at each time step,
limiting their usefulness. Additionally, although abstraction is
acceptable — and often desirable — for generalization, the
extreme stylization and pixelated graphics in some Atari games
can result in representations that may be too detached from
real-world contexts. Because our goal is to generate training
data that can generalize across diverse scenarios, we need
environments with a more balanced level of abstraction and
resemblance to real-world settings.

In terms of audio, none of the tested environments has this
feature by default. Since they require manual implementation
in any case, the most suitable option is the Custom Table.
It offers a simplified and controlled structure, which makes
it easier to add audio functionalities without interfering with
other parts of the simulation or creating compatibility issues.

For ease of use, Atari environments offer extensive offi-
cial documentation and tutorials on essential functions for
beginners [7]. The Knights Archers Zombies environment is
similarly straightforward to run and understand. Pokémon Red,
when used with its pretrained model, is also relatively easy to
interact with. Besides, excluding the Custom Table, Pokémon
Red is the most diverse in terms of agents, actions, and
environmental configurations.

Finally, although running Gym environments with pre-
trained agents is simple, training these agents from scratch
using reinforcement learning requires previous experience.
This includes analyzing reward curves, interpreting Tensor-
Flow graph outputs, and understanding training behaviors [10].
These factors may affect the ease with which new users can
extend or customize the environments.

IV. CONCLUSION

In summary, the environments analyzed in Table I present
various trade-offs across the criteria we defined. The Custom
Table environment meets most requirements and provides
the highest control and flexibility over scenes. While each
environment has its strengths, they all exhibit limitations that
make their use difficult as an experimental tool for annotated
video-data generation specific to affordance research.

This gap highlights a lack of simulation infrastructure
specifically designed to address the needs of visual reasoning
and interaction modeling. Notably, the Custom Table emerged
as the most promising option among those explored, which
leads us to a broader insight. What is truly needed is not
just a custom environment, but rather a flexible simulation

platform that allows researchers to design and conduct their
own experiments with minimal overhead.

Thus, we propose the concept of a User Simulator: a sim-
ulation platform that provides several semi-realistic, versatile
scenes (such as a household kitchen, a mechanical workshop,
or an outdoor park) in which users can specify which and how
many agents or objects to include. By using this tool, there
would be no need to implement all the physical dynamics and
rendering from scratch. The User Simulator would combine
the usability of existing datasets with the flexibility of simula-
tion, offering full control over the content and dynamics of the
environment. It further enables researchers to log which agents
and objects are present, when and where they interact, and
how these interactions unfold over time. Similar to annotated
datasets such as Ego-Exo4D [4], it is outlined to operate at a
significantly larger scale and with finer control.

By enabling subtle yet systematic variations in object and
agent configurations while preserving the overall context of the
scene, a User Simulator would support the creation of robust
datasets for training models capable of generalizable affor-
dance understanding. This direction appears to be the most
viable path forward, providing the experimental framework
that current tools lack and fulfilling the demands of affordance-
based research in computer vision and Al.
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