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ABSTRACT

The embodied artificial intelligence agents should be capable of sensing, rea-
soning, planning, and acting in complex open worlds, which are unstructured,
high-dynamic, and uncertain. To apply agents in the real world, the realism of the
simulated worlds is important for training and evaluating the built agents. This
paper introduces UnrealZoo 1, a rich collection of photo-realistic 3D environments
that mimic the complexity and variability of the real world based on Unreal Engine.
For embodied AI, we provide a diverse array of playable entities in the environ-
ments and a suite of tools, based on UnrealCV, for data collection, reinforcement
learning, and evaluation. In the experiments, we benchmark the agent on visual
navigation and tracking, two fundamental tasks for embodied vision agents, in
complex open worlds. The results provide valuable insights into the strengths of
enriching the diversity of the training environments and the challenges to current
embodied vision agents in the open worlds, e.g., the latency in the closed-loop
control to interact with the dynamic objects, reasoning the accordance of the spatial
structure in the complex scenes.

Collected Scenes Playable Entities

… ×

…

Heterogeneous CooperationActive Tracking Social Tracking

Embodied AI Agents

Visual Navigation

Figure 1: UnrealZoo enriches photo-realistic virtual worlds for embodied AI research by aggregating
diverse scenes and playable entities. These environments facilitate the training and testing of
embodied AI agents on tasks such as visual navigation, social tracking, and multi-agent cooperation,
addressing challenges in open-world deployments.

1Project page: https://unrealzoo.notion.site/
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1 INTRODUCTION

Currently, embodied artificial intelligence (Embodied AI) agents are often homebodies, primarily
confined to controlled indoor environments and rarely venturing outside to explore the diversity of
the open world. While several simulators have advanced the field, including AI2-Thor (Kolve et al.,
2017), OmniGibson (Li et al., 2023), VirtualHome (Puig et al., 2018), and Habitat (Puig et al., 2024),
they often focus on specific scenarios, such as daily activities in homes, which limits the development
of generalist embodied AI in open worlds. The lack of richness and variability in simulators hampers
agents’ ability to adapt and generalize to the diverse challenges of real-world environments, from
bustling urban areas to rugged natural landscapes.

Thus, it is crucial to build diverse photo-realistic 3D virtual environments to simulate challenges in
open worlds for advancing embodied AI. Such environments will help agents develop robust skills to
sense, reason, plan, and control for accomplishing various tasks. By simulating complex scenarios and
interactions, researchers can evaluate how embodied agents respond to uncertainty, adapt to dynamic
challenges, and learn from their experiences in a controlled yet rich context. This process not only
fosters the development of sophisticated perception and decision-making abilities but also enhances
the agents’ capacity to collaborate with humans and other AI systems, paving the way for seamless
integration into real-world applications. As these virtual worlds grow increasingly sophisticated,
incorporating realistic physics, intricate social dynamics, and varying levels of abstraction, they offer
the potential for agents to experience a wider spectrum of situations. This diversity is essential for
training robust agents that can generalize well to unseen environments and tasks. Furthermore, the
iterative feedback loop between the agents and environments will enable continuous improvement,
allowing agents to refine their skills through both simulated challenges and real-world encounters.

In this work, we introduce UnrealZoo, a comprehensive collection of photo-realistic virtual environ-
ments set, based on Unreal Engine 2 and UnrealCV (Qiu et al., 2017), featuring a diverse range of
complex open worlds and playable entities to advance research in embodied AI. This high-quality
set encompasses a wide range of complex indoor and outdoor scenes, such as houses, supermarkets,
train stations, industrial factories, villages, temples, and natural landscapes, providing a platform
to study how AI agents perceive and interact within a variety of complex dynamic environments.
Each environment is carefully crafted by artists to replicate realistic lighting, textures, and dynamics,
closely resembling real-world experiences. Our collection also includes diverse entities—humans, an-
imals, robots, drones, motorbikes, and cars—each with unique appearances and movements, enabling
researchers to investigate the generalization of the agents on different embodiments. To enhance
usability, we have optimized UnrealCV and offer a suite of tools and APIs (UnrealCV+), including
environment augmentation, demonstration collection, and distributed training/testing. These tools
allow customization and extension of the environments to meet various research needs. This flexibility
ensures UnrealZoo remains adaptable as the field of embodied AI evolves.

We conduct experiments to demonstrate the applicability of UnrealZoo for embodied AI. First,
we benchmark frames per second (FPS) across various commands, highlighting the significant
improvement in image rendering and multi-agent interactions with the UnrealCV+ API. We use
embodied visual navigation and tracking as two example tasks to benchmark embodied vision agents
in complex dynamic environments with moving objects and unstructured maps. We also introduce
a set of simple yet effective baseline methods for developing embodied vision agents, including
distributed online reinforcement learning algorithms, offline reinforcement learning algorithms, and a
reasoning framework for large vision-language models (VLMs). Our evaluations across different
settings emphasize the importance of diverse training environments for enhancing agent generalization
and robustness, the necessity of low latency in closed-loop control to handle dynamic factors, and the
potential of reinforcement learning for training agents to navigate complex scenes.

Our contributions can be summarized in the following: 1) We build UnrealZoo, a collection of
100 high-quality photo-realistic scenes and a set of playable entities with diverse features, covering
the most challenging to embodied AI agents in open worlds. 2) We optimize the communication
efficiency of UnrealCV APIs and provide easy-to-use Gym interfaces with a toolkit for diverse
requirements. 3) We conduct experiments to demonstrate the usability of UnrealZoo, showing the
importance of the diversity of the environments to the embodied agents, and analyzing the limitations
of the current RL-based and VLM-based agents in the open worlds.

2www.unrealengine.com
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Table 1: The comparison with related photo-realistic virtual worlds for embodied AI. The comparison
of visual realism across different engines is presented in Figure 6 and the emoji descriptions are
listed in Table 6. (Unstr. Terr. indicating the presence of unstructured terrain.Nav. Sys.specifying
whether the agent in the environment includes an autonomous navigation system.)

2 RELATED WORKS

Realistic Simulators for Embodied AI. Realistic simulators are extensively utilized in embodied
arti�cial intelligence due to their appealing bene�ts, including high-quality rendering, cost-effective
ground truth generation, low-cost interaction, and environmental controllability. They are crucial for
training and testing AI agents to handle increasingly complex tasks. Notable realistic 3D simulators
have been created for speci�c applications, such as indoor navigation (Kolve et al., 2017; Puig et al.,
2018; Xia et al., 2018; Wu et al., 2018), robot manipulation (Yu et al., 2020; Ehsani et al., 2021;
Chen et al., 2024), and autonomous driving (Gaidon et al., 2016; Shah et al., 2018; Dosovitskiy
et al., 2017). Recent advances in computer graphics have spurred interest in developing general-
purpose virtual worlds with photo-realistic rendering, allowing agents to collect high-�delity data
and learn skills applicable across various tasks and scenes. ThreeDWorlds (TDW) (Gan et al., 2021)
and LEGENT (Cheng et al., 2024) are notable simulators that offer photo-realistic, multi-modal
platforms, based on Unity, for interactive physical simulation. However, their built-in scenes and
playable entities are somewhat limited. Additionally, the performance of the simulator decreases
signi�cantly in large outdoor environments, a typical weakness of Unity. V-IRL (Yang et al., 2024)
is a recent approach that leverages Google Maps' API to simulate agents with real-world street
view images, signi�cantly reducing the gap between virtual and real-world settings. However, since
V-IRL is inherently composed of static images, it lacks the capability to simulate the dynamics of the
physical worlds for agent-object interactions. Recently, the community has also begun to explore
dynamic environments with social interactions and unexpected events. However, existing solutions
like Habitat 3.0 (Puig et al., 2024) focus on a limited number of agent interactions in indoor scenes,
while HAZARD (Zhou et al., 2024b) addresses only single-agent simulations in dynamic scenarios
like �res, �oods, and winds. In contrast, UnrealZoo offers a comprehensive collection of scenes
that feature dynamic situations and diverse playable entities for embodied AI. With advancements
in Unreal Engine and optimized UnrealCV, our environment achieves real-time performance in
large-scale scenes with multiple agents (around 10) and photo-realistic rendering. A comprehensive
comparison across the related photo-realistic simulators is shown in Table 1.

Embodied Vision Agents.Embodied vision agents, which perceive and interact with their envi-
ronments through vision, are a key focus in arti�cial intelligence research. These agents perform
tasks like navigation (Zhu et al., 2017; Gupta et al., 2017; Yokoyama et al., 2024; Long et al., 2024),
active object tracking (Luo et al., 2018; Zhong et al., 2019; 2021; 2023; 2024), and other interactive
tasks (Chaplot et al., 2020; Weihs et al., 2021; Ci et al., 2023; Wang et al., 2023), mimicking human
behavior. Their development involves various methods, including state representation learning (Ya-
dav et al., 2023; Yuan et al., 2022; Gadre et al., 2022; Yang et al., 2023), reinforcement learning
(RL) (Schulman et al., 2017; Xu et al., 2024; Ma et al., 2024), and large vision-language models
(VLMs) (Zhang et al., 2024; Zhou et al., 2024a). Despite signi�cant progress, challenges remain. RL
methods often require extensive trial-and-error interactions and computational resources for training,
and they usually struggle to generalize to new environments. Conversely, VLM-based methods excel
at interpreting language instructions and images but may lack the �ne-grained control and adaptability
necessary for real-time interactions. The computational demands and time needed for inference with
such large models are critical, especially in dynamic scenes. Moreover, previous simulators mainly
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Figure 2: The detailed architecture of UnrealZoo. The Gray box indicates the UE binary, collecting
the scenes and playable entities. The UnrealCV+ Server is built in the binary as a plugin. We
have bolded the names of the optimized or new modules in UnrealCV+ Server and Client. For
agent-environment interaction, we provide OpenAI Gym Interface, which has been widely used in
the community. Our gym interface supports customizing the task in a con�guration �le and contains
a toolkit with a set of gym wrappers for environment augmentation, population control, etc.

focus on indoor rooms or urban roads, which mask the potential challenges to the embodied agents
when deploying in open worlds, e.g., unstructured terrain, dynamic changing factors, inference costs
of the perception-control loop, and social interactions with other agents. Therefore, it is required to
benchmark agents in large-scale, photo-realistic open worlds, taking into account various real-world
challenges in the virtual worlds. In this work, we collect a subset of environments from UnrealZoo
and benchmark embodied visual navigation and tracking agents, to emphasize the weakness of the
existing methods.

3 UNREALZOO

UnrealZoo is a collection of photo-realistic, interactive open-world environments with diverse
embodied characters, built on Unreal Engine and UnrealCV (Qiu et al., 2017). The environments are
sourced from theUnreal Engine Marketplace3, which shares 3D resources from artists, and were
accumulated over two years at a cost exceeding10; 000. UnrealZoo features a diverse array of scenes
with varying sizes and styles. Among them, the largest scene, i.e., Medieval Nature Environment,
covers more than16km2 areas. The environments also include a wide range of embodiment, such
as human avatars, vehicles, drones, animals, and virtual cameras, all of which can interact with the
environment and equipped with ego-centric sensing systems. We offer easy-to-use Python APIs
based on UnrealCV to facilitate interaction between Python programs and the game engine. Note that
UnrealCV is optimized for rendering and communication, particularly in large-scale and multi-agent
scenarios, namely UnrealCV+. Additionally, we provide OpenAI Gym interfaces to standardize agent-
environment interactions. The gym-like interface also contains a set of toolkits, e.g., environment
augmentation, population control, time dilation, and JSON-style task con�gurations to help the user
customize the environments for various tasks with minimal effort. The project website includes the
details of the collected contents, and documents about tutorials, Python APIs, and the gym interface.

3.1 SCENE COLLECTION

UnrealCV Zoo contains 100 scenes based on Unreal Engine 4 and 5. We select the scene based on
the public reviews in the marketplace and the difference to the collected scenes, aiming at covering
a wide range of styles from realistic to �ctional, ensuring diversity. We provide an overview of the
environments in the scene gallery.

3https://www.unrealengine.com/marketplace
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