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Figure 1. UnrealZoo enriches photo-realistic virtual worlds with diverse scenes and playable entities, enabling training of generalizable
embodied AI agents for navigation, tracking, and social interactions.

Abstract

We introduce UnrealZoo, a collection of over 100 photo-
realistic 3D virtual worlds built on Unreal Engine, designed
to reflect the complexity and variability of open-world en-
vironments. We also provide a rich variety of playable
entities, including humans, animals, robots, and vehicles
for embodied AI research. We extend UnrealCV with opti-
mized APIs and tools for data collection, environment aug-
mentation, distributed training, and benchmarking. These
improvements achieve significant improvements in the effi-
ciency of rendering and communication, enabling advanced

*Equal contribution, BCorresponding author

applications such as multi-agent interactions. Our exper-
imental evaluation across visual navigation and tracking
tasks reveals two key insights: 1) environmental diversity
provides substantial benefits for developing generalizable
reinforcement learning (RL) agents, and 2) current embod-
ied agents face persistent challenges in open-world scenar-
ios, including navigation in unstructured terrain, adapta-
tion to unseen morphologies, and managing latency in the
close-loop control systems for interacting in highly dynamic
objects. UnrealZoo thus serves as both a comprehensive
testing ground and a pathway toward developing more ca-
pable embodied AI systems for real-world deployment.
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1. Introduction
Currently, embodied artificial intelligence (Embodied AI)
agents are often homebodies, primarily confined to con-
trolled indoor environments and rarely venturing outside to
explore the diversity of the open world. While several sim-
ulators [8, 20, 22, 28, 29] have advanced the field, they of-
ten focus on specific scenarios, such as daily activities in
homes or autonomous driving on urban roads. This narrow
focus hinders AI agents’ adaptability and generalization in
open worlds, such as factories, public areas, and landscapes,
which are required by several real-world applications.

To bridge this gap, there is a growing demand for simula-
tors that feature diverse open-world environments. First, the
diversity of 3D scenes and morphologies is fundamental to
developing spatial intelligence [7]. This diversity enables
agents to actively perceive, reason, plan, and act while tack-
ling various tasks in complex 3D worlds. Second, the com-
plexity of multi-agent interactions is essential for develop-
ing social intelligence [10], such as the theory of mind [17],
negotiation [15], cooperation [34], and competition [47],
encouraging agents to behave more like humans. Third, vir-
tual worlds that mimic the challenges in open-world scenar-
ios can evaluate agents efficiently and effectively, identify-
ing limitations and preventing hardware losses from real-
world deployment failures [18]. Ultimately, these features
will inspire researchers to explore new challenges previ-
ously overlooked in other simulators [9], facilitating seam-
less integration into real-world applications.

In this work, we introduce UnrealZoo, a comprehensive
collection of photo-realistic virtual worlds, based on Un-
real Engine and UnrealCV [30]. UnrealZoo features a di-
verse range of complex open worlds and playable entities
to advance research in embodied AI and related domains.
This high-quality set includes 100 realistic scenes at vary-
ing scales, such as houses, supermarkets, train stations, in-
dustrial factories, urban cities, villages, temples, and natu-
ral landscapes. Each environment is expertly designed by
artists to mimic realistic lighting, textures, and dynamics,
closely resembling real-world experiences. Our collection
also includes diverse playable entities, including humans,
animals, robots, drones, motorbikes, and cars. This diver-
sity enables researchers to investigate the generalization of
agents across different embodiments or build complex 3D
social worlds with numerous heterogeneous agents. To en-
hance usability, we further optimize UnrealCV and offer a
suite of easy-to-use Python APIs and tools (UnrealCV+),
including environment augmentation, demonstration collec-
tion, and distributed training/testing. These tools allow for
customization and extension of the environments to meet
various needs in future applications, ensuring UnrealZoo re-
mains adaptable as the embodied AI agents evolve.

We conduct experiments to demonstrate the applicabil-
ity of UnrealZoo for embodied AI. First, we benchmark

frames per second (FPS) across various commands, high-
lighting the significant improvement in image rendering and
multi-agent interactions with the UnrealCV+ API. We use
embodied visual navigation [52] and tracking [24, 47] 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 learn-
ing algorithms [27], offline reinforcement learning algo-
rithms [21], and a reasoning framework for large vision-
language models (VLMs). Our evaluations across different
settings emphasize the importance of diverse training en-
vironments for enhancing agent generalization and robust-
ness, 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 as follows: 1) We
build UnrealZoo, a collection of 100 high-quality photo-
realistic scenes along with a set of playable entities. These
cover the most challenging aspects for embodied AI agents
in open-world environments. 2) We optimize the communi-
cation efficiency of UnrealCV APIs and provide easy-to-use
Gym interfaces with a toolkit to meet 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.

2. Related Works
Realistic Simulators for Embodied AI. Realistic simu-
lators are widely adopted in embodied AI research due
to their high-quality rendering, cost-effective ground truth
generation, and environmental controllability. Specialized
3D simulators have been developed for indoor naviga-
tion [20, 28, 36, 37], robot manipulation [4, 11, 43], and
autonomous driving [8, 13, 32]. Recent advances in com-
puter graphics have enabled general-purpose virtual worlds
with photo-realistic rendering. ThreeDWorlds (TDW) [14]
and LEGENT [5] offer multi-modal platforms based on
Unity, but their scenes and playable entities remain lim-
ited, with performance degrading in large outdoor environ-
ments. V-IRL [41] leverages Google Maps’ API to sim-
ulate agents with real-world street view images, yet lacks
physical interaction capabilities due to its static image com-
position. While the community has begun exploring dy-
namic environments with social interactions, existing solu-
tions like Habitat 3.0 [29] focus on limited agent interac-
tions in indoor scenes, and HAZARD [51] addresses only
single-agent simulations in scenarios like fires and floods.
In contrast, UnrealZoo offers a comprehensive collection of
diverse scenes across different scales, situations, eras, and
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Table 1. The comparison with related photo-realistic virtual worlds for embodied AI. Nav. Sys. specifies whether the agent in the
environment includes an autonomous navigation system. We compare the visual realism across different engines and list the descriptions
of the symbols in supplementary materials.

Table 1: The comparison with related virtual worlds for embodied AI.
Virtual
Worlds

Scene:
Categories

Scene:
Scale Level

Scene:
Unstr. Terr.

Scene:
Base Engine

Agent:
Body

Agent:
Nav. Sys.

Agent:
Multi-agent

VirtualHome Room - Unity X X
AI2THOR Room - Unity - -

ThreeDWorld Room, Building, Landscape X Unity - X
OmniGibson Room - Omniverse - - -
Habitat 3.0 Room - Habitat-Sim X X

CARLA Building, Town - UE 4 - X
AirSim Building, Town, Landscape - UE 4 - X

LEGENT Room, Building X Unity X -
V-IRL Town, Landscape X Google Map X X

UnrealZoo Room, Building,
Town, Landscape X UE 4/5 X X

Table 2: The comparison with related virtual worlds for embodied AI.

Virtual
Worlds

Scene:
Categories

Scene:
Scale Level

Scene:
Style

Scene:
Base Engine

Agent:
Body

Agent:
Nav. Sys.

Agent:
Multi-agent

VirtualHome Indoor Modern, Western Unity X X
AI2THOR Indoor Modern, Western Unity - -

ThreeDWorld Indoor, Building, Community Modern, Western, Nature Unity - X
OmniGibson Indoor Modern, Western Omniverse - - -
Habitat 3.0 Indoor Modern, Western Habitat-Sim X X

CARLA Community, Landscape Modern, Western, Nature UE 4/5 X X
AirSim Community, Landscape Modern, Western, Nature UE 4 - X

LEGENT Indoor, Building Modern, Western Unity X X
V-IRL Community, Landscape Modern, Western, Nature Google Map X X

UnrealZoo Indoor, Building,
Community, Landscape

Ancient, Modern, Sci-Fi
Western, Eastern, Nature UE 4/5 X X

Symbol Description
Interior house with furnishings

Residential community with multiple buildings
High-fidelity large-scale urban environments

Exterior scenes with roads
Natural scenes with forests or grasslands

Large-scale natural landscape, including lakes, mountains, desert
An island landscape

Castle-style historic buildings
Asian temple architecture features stairs, lofts, and shrines.

Industrial areas with internal roads and factory facilities
Educational settings, including classrooms and gymnasiums.
Sports venue scenes, such as swimming pool, sport stadium.

Supermarket contains a wide range of daily essentials and produce.
Typical urban public transportation hubs, such as train and gas stations.

Detailed hospital interior scenes.
Human characters with detailed features such as hair textures, clothing, and actions

Mobile robot
Driveable car

Animals include common animal species such as cats, dogs, horses, pigs, etc.
Driveable motorbike

Drones
Virtual camera that has no physical entity and is movable

Table 3: Caption

2

cultural backgrounds with various playable entities. Lever-
aging Unreal Engine advancements and optimized Unre-
alCV, our environment achieves real-time performance in
large-scale scenes with multiple agents and photo-realistic
rendering. A detailed comparison of photo-realistic simula-
tors is presented in Table 1.
Embodied Vision Agents. This represents a key frontier in
AI research, performing tasks with visual observation, like
navigation [16, 23, 42, 52], active object tracking [24, 46–
49], and other interactive tasks [2, 6, 33, 35]. Their develop-
ment involves state representation learning [12, 39, 40, 44],
reinforcement learning (RL) [26, 31, 38], and large vision-
language models (VLMs) [45, 50], such as GPT-4o and
SpatialVLM [3]. Despite advances, significant challenges
persist. RL methods require extensive trial-and-error inter-
actions and computational resources, often struggling with
generalization. VLM-based methods excel at interpreting
instructions and images but may lack fine-grained control
and adaptability for real-time interactions. Importantly, pre-
vious simulators primarily focus on indoor rooms or urban
roads, overlooking critical challenges faced by embodied
vision agents in open worlds: unstructured terrain, dynamic
factors, perception-control loop costs, and multi-agent so-
cial interactions. Therefore, benchmarking agents in expan-
sive, photo-realistic virtual environments is essential to ad-
dress real-world challenges. In this work, we collect a sub-
set of environments from UnrealZoo and benchmark em-
bodied visual navigation and tracking agents, revealing lim-
itations in current methods that were previously masked by
constrained simulation environments.

3. UnrealZoo
UnrealZoo is a collection of photo-realistic, interactive
open-world environments with diverse embodied charac-
ters, built on Unreal Engine and UnrealCV [30]. The en-
vironments are sourced from the Unreal Engine Market-
place 1, which shares high-quality content from artists,

1https://www.unrealengine.com/marketplace

and were accumulated over two years at a cost exceed-
ing 10, 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 than
16km2 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 are equipped with ego-centric sensing
systems. We offer easy-to-use Python APIs based on Unre-
alCV to facilitate interaction between Python programs and
the game engine. Note that UnrealCV is optimized for ren-
dering 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 con-
tains a set of toolkits, e.g., environment augmentation, pop-
ulation control, time dilation, and JSON-style task configu-
rations to help the user customize the environments for var-
ious tasks with minimal effort.

3.1. Scene Collection
UnrealCV Zoo contains 100 scenes based on Unreal En-
gine 4 and 5. We select the scene based on the public re-
views in the marketplace and the difference between the
collected scenes, aiming at covering a wide range of styles
from ancient to fictional, ensuring diversity. We provide an
overview of the environments in the scene gallery, and the
detailed statistical distribution is shown in Figure 2.

We have tagged the collected scenes with several feature
labels, allowing researchers to select appropriate scenes for
testing or training based on the tags associated with each
scene. Our tags cover the following aspects:
• Scene Categories: We categorize scenes into three main

types: interior, exterior, and both. The interiors include
private houses, museums, supermarkets, train stations,
factories, gyms, and caves. The exteriors include various
outdoor terrains such as ruins, islands, plazas, neighbor-
hoods, and mountains. Additionally, there are 46 scenes
that include both interior and exterior elements, offer-
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Figure 2. The statistical distribution of scene content and scale
in UnrealZoo. The bar chart depicts the number of scenarios fea-
turing each type of content, noting that larger scenes may encom-
pass multiple categories. The pie chart classifies these scenes by
scale, revealing a predominance of large-scale ‘Landscape’ envi-
ronments, followed by ‘Community’, ‘Building’, and ‘Indoor’ lev-
els. The distribution reflects the diversity of UnrealZoo and the
balanced composition of scenes of different scales.

ing a blend of architectural elements and natural land-
scapes, enhancing the versatility and realism of our col-
lection. More details about the distribution of the scenes
are shown in Figure 2.

• Scale: Each scene is labeled according to its scale, and
categorized into four levels: indoor, building, commu-
nity, and landscape. The indoor scale is the smallest, typ-
ically encompassing one or multiple interior rooms (up
to a complete floor), such as apartments and office inte-
riors. The building scale includes a single building and
its immediate surroundings, like a museum, supermarket,
or gas station. The community scale covers areas with
multiple buildings, such as neighborhoods, villages, cas-
tles, or container yards. The landscape scale includes vast
natural or man-made areas, or parts of a city or an entire
small town, such as mountains, forests, islands, and ur-
ban districts. Specifically, there are 35 scenes classified
as landscape, 28 as community, 23 as building, and 15 as
indoor. The largest scene covers 16 square kilometers.

• Spatial Structure: We also tag the spatial structure of the
scenes, including multi-floor, topological, flat, steep, etc.
Such categorization is vital for benchmarking the spatial
intelligence of embodied agents. Multi-floor structures,
for instance, challenge agents with vertical navigation and
require advanced path-planning algorithms. Topological
features, such as interconnected pathways, test the agent’s
ability to understand and traverse complex networks.

• Dynamics: The environment’s dynamics include simu-
lating factors like weather, fire, gas, fluid, and interactive
objects. These elements enhance the visual and physical
diversity of the scene while evaluating agents’ adaptabil-
ity and generalization. Weather variations such as sand-
storms, snowfall, and thunderstorms are crucial, as are in-

Figure 3. First-person and third-person view images of different
entities in different scenes. Note that camera parameters can be
reconfigured by UnrealCV APIs.

teractive objects like doors that agents can interact with.
These dynamics are vital for an open-world experience.

• Style: The scenesen compass diverse cultural and histor-
ical styles, including Asian Temple, Western Church, and
Middle Eastern Street. Cultural labels include Western,
Asian, and Middle Eastern, while era labels encompass
Medieval, Modern, and Science Fiction. Identifying the
styles will help us build a new data set to benchmark how
social agents adapt to different backgrounds.
After categorizing the scenes, we integrate UnrealCV+

(Refer to Section 3.3) into the UE project and add the
controllable player assets (Refer to Section 3.2) to each
scene. Due to licensing restrictions, content purchased from
the marketplace cannot be open-source, so we package the
projects into an executable binary for sharing with the com-
munity. These executable binaries will be compatible with
various operating systems, including Windows, Linux, and
macOS, allowing users to download and run them via the
Python interface without needing any knowledge of Unreal
Engine, which is primarily built on C++ and Blueprint.

3.2. Playable Entities
UnrealZoo includes seven types of playable entities: hu-
mans, animals, cars, motorbikes, drones, mobile robots, and
flying cameras (See Figure 1). Specifically, it comprises 19
human entities, 27 animal entities (dog, horse, elephant, pig,
bird, turtle, etc), 3 cars, 14 quadruped robots, 3 motorcycles,
and 1 quad-copter drone. This diversity, with varying affor-
dances like action space and viewpoint, allows us to explore
new challenges in embodied AI, such as cross-embodiment
generalization and heterogeneous multi-agent interactions.

Each entity includes a skeleton with appropriate meshes
and textures, a local motion system, and a navigation sys-
tem. We offer a set of callable functions for each entity, en-
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abling users to modify attributes like size, appearance, and
camera positions, as well as control movements. Each entity
can switch between different textures and appearances via
UnrealCV API, enhancing visual diversity and adaptability
for various scenarios. Each entity is equipped with an ego-
centric camera, allowing the users to capture various types
of image data such as RGB, depth, surface normal, and
instance-level segmentation (object mask) from the agent’s
ego-centric view. Figure 3 shows examples of the captured
first-person view and third-person view images of different
entities with varying locomotion. For multi-agent interac-
tion, the population of the entities in a scene can be easily
adjusted using the spawn or destroy functions.

The locomotion system is built on Smart Locomo-
tion, an animation framework providing natural movement
and environmental interactions. Interactions are animation-
based rather than physics-based, featuring binary state
changes (e.g., opening doors without physical doorknob
manipulation) and positional animations (crouching, jump-
ing, climbing), similar to VirtualHome [28]. Interactive ob-
jects maintain consistent behavior across all environments
and can be spawned at arbitrary locations with customiz-
able visual properties via the API. This approach facilitates
research on high-level reasoning and planning without the
need for extra implementation of primitive motion control.

The navigation system is built on NavMesh (a spa-
tial partitioning system that defines walkable surfaces), al-
lowing agents to autonomously navigate with the built-in
AI controller. This includes path-finding and obstacle-
avoidance capabilities, ensuring smooth and realistic move-
ment throughout diverse terrains and structures. For urban-
style maps, we segment the roads to distinguish between
pedestrian and vehicle pathways. When agents use the nav-
igation system for autonomous control, they will navigate
the shortest path based on the priority of the different areas.
For example, pedestrians and animals will prioritize walk-
ing on sidewalks, while vehicles and motorcycles will pri-
oritize driving on roadways. An example of the navigation
area is shown in Supplementary Materials.

3.3. Programming Interface
We provide UnrealCV+ as the fundamental interface on
Python to capture data and control the entities and scenes,
and provide an OpenAI Gym interface 2 for general agent-
environment interactions. The architectures of the program-
ming interfaces are shown in Figure 4.

UnrealCV+ is our improved version of the Unre-
alCV [30] for high-throughput interactions. As the original
version of UrnealCV primarily focuses on generating syn-
thesis data for computer vision, the frame rates per second
(FPS) are not optimized for real-time interactions. We opti-
mize the rendering pipelines in the UnrealCV server and

2https://github.com/UnrealZoo/unrealzoo-gym
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Figure 4. The detailed architecture of UnrealZoo. The Gray box
indicates the UE binary, containing the scenes, playable entities,
and UnrealCV+ server. We have bolded the names of the opti-
mized or new modules in UnrealCV+ Server and Client. We pro-
vide OpenAI Gym Interfaces for agent-environment interaction.
Our gym interface supports customizing the task in a configuration
file and contains a toolkit with a set of gym wrappers for environ-
ment augmentation, population control, and etc.

the communication protocols between the server and the
client to improve the FPS. Specifically, we enable paral-
lel processing while rendering object masks and depth im-
ages, which can significantly improve the FPS in large-scale
scenes. For multi-agent interactions, we further introduce
the batch commands protocol. In this protocol, the client
can simultaneously send a batch of commands to the server,
processing all the received commands and returning a batch
of results. In this way, we can reduce the time spent on
server-client communication. Since reinforcement learning
requires extensive trial-and-error interactions, often running
multiple environments on a computer, we introduce Inter-
process communication (IPC) sockets instead of TCP sock-
ets to improve the stability of the server-client communica-
tion under high loads. We benchmark the FPS performance
in Table 2. To enhance user-friendliness, we have devel-
oped high-level Python APIs that are built upon the com-
mand systems of UnrealCV. These APIs encapsulate all the
request commands and their corresponding data decoders
into a callable Python function. This approach significantly
simplifies the process for beginners, allowing them to inter-
act with and customize the environment using UnrealCV+.

Gym Interface is used to define the interactive tasks
and standardize the agent-environment interaction, follow-
ing Gym-UnrealCV. Even though there are a lot of tasks
for agents, they usually share common interaction proto-
cols, i.e., the agent gets observations from the environment
and returns actions. The main difference across different
tasks is usually the reward functions, the modality of the
observation, and the available actions. Hence, we define
the basic interaction functions for general usage and list the
task-specific configurations, e.g., scene name, and reward
function, in a JSON File. In this way, when adding new
UE scenes, the users only need to set the parameters in the
JSON files. Moreover, we provide a toolkit with a set of
gym wrappers for training and testing the agents, such as en-
vironment augmentation that has been in previous work for
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Table 2. Comparison of FPS in Unreal Engine 4.27 with UnrealCV and UnrealCV+. Results represent average performance across 6
typical environments ranging from small-scale scenes (2, 440m2) to expansive landscapes (16km2). Benchmarks were conducted on a
system with an Nvidia RTX 4090 GPU, Intel i7-14700k CPU, and Windows OS. Performance metrics were collected by executing each
Python function 1,000 times and measuring execution duration. Multi-agent interaction testing utilized the gym interface, with all rendered
images at 640×480 resolution. See the supplementary material for the detailed results.

Image Capture Multi-agent Interaction
Color Object Mask Surface Normal Depth N=2 N=6 N=10

UnrealCV 74 70 109 52 35 13 8
UnrealCV+ 83(↑ 12%) 154(↑ 120%) 131(↑ 20%) 97(↑ 86%) 54(↑ 54%) 25(↑ 92%) 16(↑ 100%)

training generalizable agents [24, 25], population control to
adjust the number of agents in the scene, and time dilation
to adjust the control frequency in dynamic scenes. In Sec-
tion 4.3, we demonstrate an example usage of the toolkit to
analyze the robustness of social tracking agents to the pop-
ulation of crowds and the impact of the control frequency
in such dynamic scenes. We also provide a launch tool to
enable the user to run multiple environments with specific
GPU IDs within a computer, which is useful for distributed
online reinforcement learning.
4. Experiments
In this section, we conduct experiments involving a series
of challenging tasks on UnrealZoo to show its unique fea-
tures regarding usability, diversity, efficiency, and exten-
sibility. We begin with a visual navigation task to indi-
cate the suitability of UnrealZoo for distributed online re-
inforcement learning. This task also highlights how the
complex spatial structures within our environments intro-
duce new challenges that the off-the-shelf methods struggle
to address effectively. Next, we evaluate agents through
active visual tracking to validate the necessity of scaling
environmental diversity for improving cross-scene general-
ization. Finally, our social tracking experiments illustrate
the exceptional flexibility of UnrealZoo. By enabling easy
modification of simulation control frequencies, population
scale, and agent morphologies, UnrealZoo reveals previ-
ously overlooked challenges in high-dynamic environments
and cross-body generalization.
4.1. Emergent Challenges in Visual Navigation
Taking the visual navigation task as an example, a fun-
damental skill for embodied agents, we demonstrate the
usability of our environments for various approaches, in-
cluding distributed online reinforcement learning and large
vision-language models. Additionally, we highlight the
emergent challenges posed by unstructured open-world en-
vironments. While traditional approaches often operate
within well-defined 3D spatial structures, our environments
require agents to navigate through complex, unconstrained
terrains. Therefore, agents must execute diverse locomotion
skills, including running, climbing, jumping, and crouch-
ing, to overcome various environmental obstacles while
pursuing target objects. This setting demands sophisticated
3D spatial reasoning capabilities and action selection mech-
anisms for effective real-time decision-making. The details

of the task setting, implementation, and training curve are
introduced in the supplementary materials.

Evaluation Metrics. We employ two key metrics to
evaluate visual navigation agents: 1) Average Episode
Length (EL), representing the average number of steps per
episode over 50 episodes. 2) Success Rate (SR), measuring
the percentage of episodes the agent successfully navigates
to the target object out of 50 total episodes, which represents
the navigation capability in the wild environment. 3) Suc-
cess weighted by Path Length (SPL) [1], a standard metric
that accounts for both success and path efficiency.

Baselines for Navigation. We build simple baselines to
demonstrate the applicability of our environments for train-
ing reinforcement learning agents and benchmark the agents
based on pre-trained large models. 1) Online RL: We train
RL-based navigation agents independently in the Roof and
Factory environments using a distributed online reinforce-
ment learning (RL) approach, e.g., A3C [27]. The model
takes the first-person view segmentation mask and the rel-
ative position between the agent and target as input, and
outputs discrete actions to navigate. This setup allows the
agent to iteratively refine navigation strategies through con-
tinuous environmental interaction. 2) GPT-4o: We leverage
the multimodal reasoning capabilities of GPT-4o for naviga-
tion model. Following a structured prompt template, GPT-
4o performs reasoning to select appropriate actions from the
action space to guide the agent toward the target location. 3)
Human: As a reference, we conduct experiments where hu-
man players control agents via keyboard inputs, analogous
to first-person video game interactions. The human players
use the same action space available to other baselines.

Results. In Table 3, we report the performances of dif-
ferent methods in two unstructured scenes. The RL-based
agent performs moderately well, achieving better results in
the simpler environment (Industrial Area) compared to the
Roof, where the target object is located on different levels
of stairs. The GPT-4o agent struggles in both scenarios.
This implies that the GPT-4o performs poorly in complex
3D scene reasoning. As a reference, the human player com-
pletes both tasks with the fewest steps and a 1.00 success
rate, underscoring the significant performance gap between
current embodied AI agents and humans, indicating sub-
stantial room for improvement to navigate in such complex,
open-world environments.
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Table 3. The results (EL/SR/SPL) of visual navigation agents in
two unstructured terrains.

Online RL GPT-4o Human
Roof 1660/0.32/0.10 2000/0.00/0.00 515/1.00/0.97

Industrial Area 261/0.52/0.31 369/0.20/0.08 158/1.00/0.98

Figure 5. An exemplar sequence from the embodied navigation
agent in the Roof. The RL agent learned to climb on a box and
wall and jump over an obstacle to reach the goal in a short path.

4.2. Scaling the Diversity for Active Visual Tracking

In this section, we aim to analyze the effectiveness of the
diversity of the training data on the generalization of the
active visual tracking. We collect 3 sets of demonstra-
tions from different numbers of environments in Unreal-
Zoo and train the tracking policy via offline reinforcement
learning [49]. We evaluate the tracking performance across
16 unseen environments covering four categories: Interior
Scenes, Palaces, Wilds, and Modern Scenes. Each category
contains 4 individual environments. The implementation
details are introduced in the supplementary materials.

Evaluation Metrics. Our evaluation employs three key
metrics: (1) Average Episodic Return (ER): calculates the
mean episodic return over 50 episodes, providing insights
into overall tracking performance; (2) Average Episode
Length (EL): represents the average number of steps per
episode, which reflects long-term tracking effectiveness;
and (3) Success Rate (SR): measures the percentage of
episodes that complete 500 steps out of 50 total episodes.

Baselines for Active Visual Tracking. 1) PID: A clas-
sical control approach that uses a PID controller to ad-
just agent actions by maximizing IoU between the detected
target bounding box and an expected position. 2) RL:
We adapt the offline reinforcement learning implementa-
tion from Zhong et al. [49], using their network architec-
ture while collecting three distinct offline datasets (100k
steps each) with varying environmental diversity: single en-
vironment (1 Env.), two environments (2 Envs.), and eight
environments (8 Envs.). Notably, FlexibleRoom represents
an abstract environment where objects appear as geomet-
ric shapes with randomized patterns used in the three set-
tings. 3) OpenVLA: We fine-tune OpenVLA [19], an end-
to-end large model originally designed for robotic manipu-
lation with strong generalization capabilities, on our most
diverse dataset (8 Envs.) to adapt it for tracking tasks. 4)
GPT-4o: We implement a VLM-based agent using GPT-4o
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Figure 6. Average success rates across four environment cate-
gories: Interior Scenes, Palaces, Wilds, and Modern Urbanity. Re-
sults compare Offline RL agents trained on three offline dataset
settings with increasing environmental diversity (1 Env., 2 Envs.,
8 Envs.). Performance consistently improves with dataset diver-
sity, demonstrating enhanced generalization capabilities. Notably,
environments with complex spatial structures (Interior Scenes and
Palaces) present greater challenges for navigation and obstacle
avoidance, resulting in lower success rates.

to generate actions directly from observed images. We de-
signed a prompt template to standardize outputs into prede-
fined action commands (moving forward/backward, turning
left/right, or maintaining position), which are then mapped
to appropriate velocities. Despite GPT-4o’s capabilities, we
observed poor alignment performance and significant la-
tency issues when processing raw image inputs, limiting its
effectiveness for real-time tracking.

Result Analysis. We first evaluate the performance of
agents trained with offline datasets collected from vary-
ing numbers of environments (1 Env., 2 Envs., 8 Envs.)
across 16 unseen environmentsTo visualize the perfor-
mance change of different settings within various scene cat-
egories, we calculate the average success rate (SR) of each
agent in four categories, and the results are shown in Fig-
ure 6. Then we compared the baseline methods’ perfor-
mance, as shown in Table 5 (0D). The results reveal a clear
trend: as the number of environments used for training
increases, agent long-term tracking performance gen-
erally improves across all categories. In the Wilds, a
significant increase in success rate is observed with the 8
Envs. dataset, which involves the highest diversity of en-
vironments. This demonstrates that diverse environmental
exposure plays a crucial role in improving the agent’s gen-
eralization capabilities in more complex, open-world envi-
ronments. The lower success rate in the 1 Env. highlights
the limitations of training solely in abstract settings like the
FlexibleRoom. Similarly, in the Palace, the success rate im-
proves notably from 1 Env. to 8 Envs., suggesting that train-
ing with a broader range of environments helps the agent
better adapt to intricate 3D spatial structures.
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4.3. Benchmarking Agents at Variant Settings
We augment the environment employed for active track-
ing by seamlessly integrating the Gym toolkit into diverse
settings. We use the population control wrapper to create
social tracking scenarios. In this setting, the agent is re-
quired to follow the target through crowds. We can also ad-
just the morphology of the trackers for evaluating the cross-
embodiment generalization. Moreover, we employ the time
dilation wrapper to simulate a variety of control frequen-
cies. This allow us to analyze the impact of the latency
within the perception-control loop on tracking performance.

Robustness to Active Distractions. A key challenge in
active visual tracking is handling visual distractions and dy-
namic obstacles, which is crucial for real-world deployment
in crowds. We evaluated agents in four representative envi-
ronments: Storage House, Desert Ruins, TerrainDemo, and
SuburbNeighborhoodDay, with varying numbers of human
distractors (0D, 4D, 10D) and compared RL-based methods
(trained in 8 environments, denoted as RL 8 Envs.) against
PID, OpenVLA, and GPT-4o. Table 5 shows that RL-based
methods maintain stable success rates, RL 8 Envs. achiev-
ing 0.76 SR in 0D, 0.68 in 4D and 0.56 in 10D, benefit-
ing from diverse training data. In contrast, PID, OpenVLA,
and GPT-4o struggle, showing significantly lower returns
and success rates. PID suffers from delayed reactions when
the target is occluded, leading to failures. OpenVLA tracks
effectively at short distances but loses accuracy over time
due to accumulated errors. Both OpenVLA and GPT-4o are
highly prone to distractions, often tracking the wrong tar-
get. These results highlight the limitations of large models
in dynamic environments with active distractions.

Cross-Embodiment Generalization. To investigate
whether policies can effectively transfer to agents with dif-
ferent morphologies, we apply the agents (RL and Open-
VLA) trained on a human character to a quadrupedal robot
dog. This exploration is motivated by the practical necessity
in real-world applications where a single policy might need
to operate across various embodiments with different per-
ceptual perspectives and movement capabilities. As shown
in Table 5, the performance decreases notably, particularly
the success rate (from 0.68 to 0.48 with 4D and from 0.56
to 0.40 with 10D for RL 8 Envs.), indicating that the com-
munity should pay more attention to the cross-embodiment
generalization for real-world deployment.

The Impact of Control Frequency. In high-dynamic
scenes, the latency of the perception-control loop plays a
critical role in managing multiple dynamic factors effec-
tively. To verify this, We employ the time dilation wrap-
per to simulate different control frequencies during deploy-
ment. As shown in Table 4, when the rate drops below 10
FPS, performance significantly declines. Our results show
that RL-based agents achieve superior performance in so-
cial tracking scenarios when operating at higher control fre-

Table 4. The impact of control frequency on tracking performance.
We evaluate the RL agent (1 Env.) in the FlexibleRoom using the
time dilation wrapper to simulate varying control frequencies.

3 FPS 10 FPS 30 FPS w/o FPS Control
ER 184 303 368 275
EL 377 449 482 425
SR 0.34 0.62 0.92 0.74

Table 5. We evaluate different methods in four representative
environments: Storage House, Desert Ruins, TerrainDemo, and
SuburbNeighborhoodDay, with varying numbers of distractors
(0D, 4D, 10D). Each cell presents the averaged values across
four environments for three metrics: Episodic Return (ER),
Episode Length (EL), and Success Rate (SR). OpenVLA and RL
are trained on the dataset collected from 8 environments.

Method 0D 4D 10D
PID 113/298/0.34 107/295/0.30 78/105/0.14

GPT-4o 2/228/0.28 -102/264/0.16 -80/240/0.10
OpenVLA 55/323/0.10 -39/149/0.02 -30/156/0.00

RL 321/468/0.76 280/437/0.68 187/402/0.56
PID (Robot dog) 152/245/0.30 149/237/0.22 100/102/0.16

GPT-4o (Robot dog) -5/263/0.20 -98/272/0.16 -59/223/0.04
OpenVLA(Robot dog) 42/301/0.08 -37/142/0.00 -13/117/0.00

RL (Robot dog) 279/433/0.60 220/409/0.48 143/367/0.40

quencies. These findings emphasize the necessity of devel-
oping efficient models for embodied agents to successfully
execute tasks in dynamic social worlds.

5. Conclusions

In conclusion, UnrealZoo addresses critical gaps in em-
bodied AI research by providing unprecedented environ-
mental diversity across 100 scenes and 67 embodiment op-
tions. By offering easy-to-use Python APIs and toolkits,
we support efficient environmental interactions, distributed
training, and task customization in UnrealZoo. The experi-
ments on UnrealZoo reveal the importance of environment
diversity for agent generalization capabilities, the necessity
of low-latency control in dynamic scenes, and key chal-
lenges faced by current methods for embodied agents in
open worlds. These findings highlight a clear path forward
for developing more robust embodied AI systems capable
of navigating the complexity of real-world deployment.

Looking forward, UnrealZoo will drive research in
several key areas: 1) spatial intelligence development
in complex 3D environments; 2) social intelligence re-
search through multi-agent interactions; 3) safe pre-
deployment evaluation and limitation identification; 4)
cross-embodiment learning and skill transfer; and 5) adap-
tation to dynamic environments. As we continue to en-
rich virtual worlds and interaction capabilities, UnrealZoo
will play an increasingly vital role in advancing agents
from simulation to reality, ultimately fostering harmonious
human-AI coexistence.
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