VRGym: A Virtual Testbed for Physical and Interactive Al

Xu Xie Hangxin Liu Zhenliang Zhang Yuxing Qiu Feng Gao Siyuan Qi

Yixin Zhu Song-Chun Zhu

UCLA Center for Vision, Cognition, Learning, and Autonomy
Los Angeles, CA 90095
{xuxie,hx.liu, zlz,yxqiu,f.gao,syqi,yixin.zhu } @ucla.edu,sczhu @stat.ucla.edu

ABSTRACT

We propose VRGym, a virtual reality (VR) testbed for realistic
human-robot interaction. Different from existing toolkits and VR
environments, the VRGym emphasizes on building and training both
physical and interactive agents for robotics, machine learning, and
cognitive science. VRGym leverages mechanisms that can generate
diverse 3D scenes with high realism through physics-based simu-
lation. We demonstrate that VRGym is able to (i) collect human
interactions and fine manipulations, (ii) accommodate various robots
with a ROS bridge, (iii) support experiments for human-robot in-
teraction, and (iv) provide toolkits for training the state-of-the-art
machine learning algorithms. We hope VRGym can help to advance
general-purpose robotics and machine learning agents, as well as
assisting human studies in the field of cognitive science.'
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1 INTRODUCTION

The past decade has witnessed a rapid development of categorical
classification for objects, scenes, and actions, fueled by large datasets
and benchmarks, discriminative features, and machine learning meth-
ods. Similarly, successes have also been achieved in many other
domain-specific tasks, largely due to the ever-growing vast amount
of labeled data and rapidly increasing computing power, combined
with supervised learning methods (in particular, deep learning [9]).

The code has been made publicly available at GitLab.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions @acm.org.

ACM TURC 2019, May 17-19, 2019, Chengdu, China

© 2019 Association for Computing Machinery.

ACM ISBN 978-1-4503-7158-2/19/05. .. $15.00
https://doi.org/10.1145/3321408.3322633

@

Figure 1: (a) VRGym integrates three types of input devices, providing
human manipulation in an increasing resolution using Oculus Touch,
LeapMotion, and a data glove, from top to bottom. (b) The VRGym-
ROS bridge allows physical human/robot agent meet virtual agents in-
side a virtual world, providing the capability of social interactions. (c)
The training of the robot navigation using reinforcement learning (RL)
inside VRGym. The robot successfully navigates to the goal without col-
lisions after about 10,000 episodes. (d) The learning of object manipula-
tion using human demonstrations (leftmost) and inverse reinforcement
learning (IRL) (right three) inside VRGym.

The performance of certain tasks has reached a remarkable level,
even arguably better than human in control [7, 18], grasp [13, 16],
object recognition [8], learning from demonstration (LfD) [1], and
playing the game of go [26] and poker [3, 19].

Despite the impressive progress, these data-driven feed-forward
classification methods have well-known limitations, hindering the
advancement towards a more general artificial intelligence (Al) that
can interact with human: (i) needing large labeled training datasets;
(ii) often task-specific and view-dependent, which makes it difficult
to generalize; (iii) lacking an explicit representation and structure to
handle large variations exhibited in and outside of the training data.

In contrast, the hallmark of machine intelligence is the capability
to rapidly adapt to new tasks and “achieve goals in a wide range
of environments [12]”. To achieve such intelligence, recent years
have seen the increasing use of synthetic data and simulation plat-
forms?. Advantages include: (i) the structure of the data is efficiently
encoded without the need for human labeling as the simulation inher-
ently comes with the ground truth; (ii) can accommodate different
embodied agents (e.g., humans, humanoid robots, or turtle-bots);
and (iii) benchmark generalization in various tasks at a low cost.

Empowered by the gaming industries, tremendous amount of
game contents, including scenes and objects, are made available for
the virtual environment. Meanwhile, more sophisticated physics-
based simulation engines and rendering techniques have enabled
more realistic simulations. These characteristics allow a growing
number of tasks to be performed using synthetic data in simulation
platforms. Furthermore, some simulation platforms also become
publicly available, such as AirSim [24], AI2THOR [1 1], Gibson [31],
etc., promoting the further explorations and applications. In short, it

2See a brief review in the supplementary.
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Figure 2: System architecture of VRGym, consist of three major com-
ponents: (i) Hardware modules for human data input. (ii) Scene mod-
ules batch import various category of scenes as well as diverse objects,
derived from different resources such as 3D modeling tools, scanned
models, and automatically generated synthetic data. (iii) VR environ-
ment serves as an ideal testbed, where both a human and a robot can
perform diverse tasks. The inherent physics-simulation engine enables
realistic human-scene interactions and robot-scene interactions.

is both the research and the engineering efforts that make it possible
to achieve considerable successes in some Al tasks and applications.

However, prior work often lacks the human involvement, espe-
cially in high-level tasks. For instance, although some virtual plat-
forms (e.g., OpenAl Gym [2] and Mujoco [28]) allow to train a
virtual robot to perform many manipulation tasks, they lack a human
in-the-loop, thus cannot handle critical tasks like intention predic-
tion and social interaction. Hence, having a simulation environment
where a robot can interact realistically with a human and evolve
incrementally could facilitate the robotics developments.

In this paper, we propose VRGym—a virtual reality testbed,
which combines VR with virtual training for both physical and
interactive Al agents. By putting human in-the-loop, VRGym goes
beyond the traditional synthetic data and simulation platforms by
simulating a human-robot co-existing environment.

Specifically, VRGym tries to fill in the gap between the new
advancement of VR and the need for training virtual agents to col-
laborate with human. In particular, we hope to address three critical
issues. First, what is the best way to reflect human embodiment in
VR; i.e., how humans can genuinely interact with robots and how the
robots can perceive related data that are sufficiently close to those in
real life? Second, how to take advantages of current well-developed
algorithms and models? Third, to which level of unique interactions
the VR simulations can afford? To answer these questions, VRGym
is designed to push the limits of current akin simulators by offering
the following characteristics.

Fine-grained human embodiment representation Adding a
real human in the simulation is not a trivial task. Most of the current
simulation platforms only support either scripted or limited remote-
controlled human models. In VRGym, we integrate a multi-sensor
setup as alternatives to traditional VR input devices. Our setup is
capable of providing a whole-body sensing and reflecting the mea-
sured data on a detailed human avatar. As a result, the simulation can
account for both body and hand poses during interactions. Figure 1a
shows different resolutions of manipulations in VRGym.

High compatibility with existing robotics systems and algo-
rithms In VRGym, we build an efficient bi-directional communi-
cation interface with the Robot Operating System (ROS). Figure 1b
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depicts an example of how a person interacts with a robot in VR-
Gym, supported by the VRGym-ROS bridge. As a result, all ROS-
compatible resources can be used in VRGym with little effort, which
allows easy setups, training, evaluations, and benchmark.

Multiple levels of interactions By providing the fine-grained
human embodiment representation and the ROS integration, various
interactions between humans and autonomous agents are made possi-
ble in different resolutions. VRGym supports interactions as simple
as only providing visual/perception information and as sophisticated
as learning complex robot grasping from human demonstrations.
Figure 1c shows how an agent obtains a navigation policy using RL,
and Figure 1d shows learning a grasp policy using IRL.

VRGym makes the three contributions:

A comprehensive simulation platform that integrates UE4 built-in

functions, e.g., scene, physics-based simulation, rendering, basic

human inputs, with customized developments, aiming to facilitate

a variety of Al researches.

A multi-sensor hardware and software setup that allows the whole

body sensing and reflects human subjects to virtual embodiments

with great details. The generated data can be seamlessly logged
for online and offline training purposes.

VRGym-ROS bridge enables a bi-directional data communication.

Through this interface, Al researchers can take advantages of the

existing robotics models and algorithms. Similarly, robotics re-

searchers can utilize more sophisticated physics-based simulation.

2 VRGYM SYSTEM ARCHITECTURE

Figure 2 illustrates the system architecture of the VRGym. VRGym
offers a variety of realistic scenes and tasks for both humans and
robots, and provide automatic logging of the data during agents
performing tasks. This capability is provided by the integration of
three main modules: (i) scene module which renders user-specified
3D scenes and objects, (ii) VR environment based on UE4 with
physics-simulation engine, introducing various physical properties
that enrich tasks and data, and (iii) VR hardware module that imports
a human agent’s state and command to the VRGym. We now further
elaborate each module in the following subsections.

2.1 Scene Module

Scenes and objects are the building blocks for a simulation environ-
ment. In order to increase the variety of environments for VRGym,
we develop several pipelines to import or create scenes into VRGym
based on the users’ specifications. The scene module enriches static
environments for VRGym. Note that the ground truth of RGB image,
depth image, surface normal, and object label come automatically
with the scene module in real-time, enabling the training for machine
learning models and robotics applications.

Specifically, VRGym can directly import the entire 3D scenes
provided in large open-source datasets, either collected from the
web [5, 27] or automatically generated from a given set of ob-
jects [10, 22, 32] (see top of Figure 2). Additionally, VRGym also
supports manually constructed scenes (see Figure 4) for more spe-
cific tasks, where neither the open-source scene dataset or the auto-
matically generated scenes could satisfy such constraints.

Similarly, individual objects can be imported to VRGym from
mesh files, which can be obtained from open-source CAD datasets
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