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Abstract— Recent success in legged robot locomotion is
attributed to the integration of reinforcement learning and
physical simulators. However, these policies often encounter
challenges when deployed in real-world environments due to
sim-to-real gaps, as simulators typically fail to replicate visual
realism and complex real-world geometry. Moreover, the lack
of realistic visual rendering limits the ability of these policies to
support high-level tasks requiring RGB-based perception like
ego-centric navigation. This paper presents a Real-to-Sim-to-
Real framework that generates photorealistic and physically
interactive “digital twin” simulation environments for visual
navigation and locomotion learning. Our approach leverages
3D Gaussian Splatting (3DGS) based scene reconstruction from
multi-view images and integrates these environments into sim-
ulations that support ego-centric visual perception and mesh-
based physical interactions. To demonstrate its effectiveness,
we train a reinforcement learning policy within the simulator
to perform a visual goal-tracking task. Extensive experiments
show that our framework achieves RGB-only sim-to-real policy
transfer. Additionally, our framework facilitates the rapid
adaptation of robot policies with effective exploration capability
in complex new environments, highlighting its potential for
applications in households and factories.

I. Introduction
Exploring, perceiving, and interacting with the physical

real world is crucial for legged robotics, which supports many
applications such as household service and industrial au-
tomation. However, conducting real-world experiments poses
considerable challenges due to safety risks and efficiency
constraints. Consequently, training in simulation [1]–[3] has
emerged as an effective alternative, allowing robots to ex-
perience diverse environmental conditions, safely explore
failure cases, and learn directly from their actions. Despite
these advantages, transferring policies learned in simulated
environments to real world remains challenging, owing to the
significant Sim-to-Real reality gap [1], [4].

Substantial efforts have been made to narrow the Sim-
to-Real gap in legged locomotion. Previous studies have
employed cross-domain depth images to train agents in
simulation, achieving impressive zero-shot policy transfer for
both quadruped [5]–[8] and humanoid [9] robots. To further
integrate RGB perception into the Sim-to-Real pipeline,
LucidSim [10] leverages generative models within simu-
lation [1] for visual parkour. However, these depth-based
and generation-based visual policies are predominantly con-
strained to low-level locomotion tasks, primarily because
standard simulators struggle to replicate the visual fidelity
and complex geometry of real-world environments.

Recently, advanced neural reconstruction techniques such
as Neural Radiance Fields (NeRF) [11] and 3D Gaussian
Splatting (3DGS) [12] have emerged as promising solutions
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Fig. 1: Our VR-Robo introduces a unified real-to-sim-to-
real framework. We generate photorealistic and physically
interactive “digital twin” simulation environments for visual
policy training, and enable zero-shot real-world deployment.

for creating Real-to-Sim “digital twins” from real-world data.
Nonetheless, most existing approaches [13]–[17] focus on
enhancing photorealism, offering limited support for physical
interaction with complex terrains. Moreover, the simulations
in these works often lack mechanisms for robust environment
exploration, thus constraining their deployment in complex
real-world scenarios that demand dynamic interaction.

To address these challenges, we introduce VR-Robo, a
novel Real-to-Sim-to-Real framework that enables realis-
tic, interactive Real-to-Sim simulation and reinforcement
learning (RL) policy training for legged robot navigation
and locomotion. Given the multi-view images, we employ
3DGS [12] and foundation-model priors [18] to reconstruct
geometry-consistent scenes and objects. We then propose a
GS-mesh hybrid representation with coordinate alignment to
create a “digital twin” simulation environment in Isaac Sim,
which supports ego-centric visual perception and mesh-based
physical interactions. To enable robust policy training, we
introduce an agent-object randomization and occlusion-aware
scene composition strategy, as illustrated in Figure 7.

We summarize our contributions as follows:
1) A Real-to-Sim-to-Real framework for robot naviga-

tion and locomotion. We propose to reduce the Sim-
to-Real gap by training RL policies within a realistic
and interactive simulation environment reconstructed
only from RGB images captured from real-world.

2) Photorealistic and physically interactive Real-to-Sim
environment reconstruction. We introduce a novel
pipeline for transferring real-world environments into
simulation using a GS-mesh hybrid representation with
coordinate alignment. We further incorporate object
randomization and occlusion-aware scene composition
for robust and efficient RL policy training.

https://vr-robo.github.io/
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Fig. 2: Diverse experiment settings including scenes, conditions, and robot types (better viewed when zoomed in).

3) Zero-shot Sim-to-Real RL policy transfer. Through
extensive experimental evaluations, we demonstrate
that VR-Robo produces effective navigation and loco-
motion policies in complex, real-world scenarios using
RGB-only observations. In addition, we have some
empirical findings for RL policy training, including the
generalization ability, sample complexity, and architec-
tural choices.

II. Related Works

A. Sim-to-Real Policy Transfer

Transferring reinforcement learning (RL) policies trained
in simulation to the real world remains a major challenge
due to substantial domain gaps. Traditional simulator-based
methods, such as domain randomization [19]–[21] and sys-
tem identification [22], [23], aim to reduce the Sim-to-Real
gap by aligning simulations with physical setups. Recent
work [24], [25] proposes leveraging conditional generative
models to augment visual observations for more robust agent
training. LucidSim [10], for example, incorporates RGB
color perception into the Sim-to-Real pipeline to learn low-
level visual parkour by generating and augmenting image
background. However, these approaches remain constrained
by conventional simulators, which fail to capture the full
breadth of real-world physics and visual realism necessary
for high-level policy training and real-world deployment.

B. Real-to-Sim Scene Transfer
Recently, advances in scene representation and reconstruc-

tion such as Neural Radiance Fields (NeRF) [11] and 3D
Gaussian Splatting (3DGS) [12] have facilitated the creation
of high-fidelity digital twins that closely replicate real-world
environments for Real-to-Sim scene transfer. For instance,
NeRF2Real [13] integrates NeRF and mesh into a simulation
for vision-based bipedal locomotion policy training, but
struggles to achieve real-time rendering, terrain climbing,
and environment exploration, thus limiting their practical
application. Meanwhile, RialTo [26] augments digital twins
with articulated USD representations to enable manipulative
interactions. More recent works employ 3DGS to generate
realistic simulations for both robot manipulation [14]–[16]
and navigation [17], [27]. In contrast, VR-Robo is designed
to produce photorealistic and physically interactive “digital
twin” environments specifically tailored for ego-centric vi-
sual locomotion learning.
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Fig. 3: Task definition. The robot aims to reach the target
cone of a specified color in a specified spatial location, rely-
ing solely on ego-view RGB observation and proprioception.

III. Task definition
Our designed task requires both high-level understanding

and navigation, as well as low-level motion control. As shown
in Figure 3, the task is defined as reaching the target cone of
a specified color within a limited time horizon. Each scene
features a terrain in the center composed of a high table and
a slope or stair connecting the ground to the platform.

At the start of each trial, the robot’s initial position is
sampled from probot ∼ U(Probot), and its orientation is sim-
ilarly randomized as \robot ∼ U(\robot). Each scene contains
three cones with identical shapes and textures but different
colors C = {red, green, blue}. These cones are placed in three
designated regions: left, middle, and right, with one cone per
region at a random position pcone ∼ U(Pregion

cone ). Since the
robot may not initially face the target cone, it must explore
the environment to identify and locate the correct cone.
Additionally, if the target cone is placed atop the table, the
robot must navigate up the slope to access the platform.

IV. A Real-to-Sim-to-Real System for Visual
Locomotion

A. Geometry-Consistent Reconstruction
Given multi-view RGB images of a scene with correspond-

ing camera poses from COLMAP [28], we aim to generate
a photorealistic and physically interactive simulation environ-
ment for agent policy training. We decoupledly reconstruct
the environment and the object, and then compose them into
a single Gaussian scene for policy training.
Gaussian-based 3D Scene Representation. 3D Gaussian
Splatting (3DGS) represents the scene as a set of Gaussian
primitives as follows:
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Fig. 4: VR-Robo real-to-sim-to-realframework. We build a realistic and interactive simulation environment with GS-mesh
hybrid representation and occlusion-aware composition & randomization for policy training. Finally, we zero-shot transfer
the RL policy trained in simulation into the real robot for ego-centric navigation and visual locomotion.

During optimization,� 8 is reparametrized using a scaling
matrix ( 8 2 R3 and a rotation matrix' 8 2 R3� 3 as � 8 =
' 8( 8( )
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8 . The color value of a pixelc¹Gº can be rendered

through a volumetric alpha-blending [12] process:

c¹Gº =
Õ

82#

) 828U8¹xº– )8 =
8� 1Ö

8=1

¹1� U8¹xºº • (2)

whereU8¹xº = >8G8¹xº denotes the alpha of the GaussianG8
at x 2 R3. Meanwhile, the view-dependent color28 of G8 is
represented by its spherical harmonics¹SHº coe�cients.

Flattening 3D Gaussians for Geometric Modeling.Inspired
by [29], we 
atten the 3D Gaussian ellipsoid with covariance
� 8 = ' 8( 8( )

8 ' )
8 into 2D 
at planes to enhance the scene

geometry modeling by minimizing its shortest axis scale( 8 =
diag¹B1– B2– B3º:

L scale =
1
#

Õ
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where# denotes the total number of planar-based Gaussian
splats. Following PGSR [30], we utilize the plane representa-
tion to render both the plane-to-camera distance mapD and
the normal mapN , then convert them into unbiased depth
maps by intersecting rays with the corresponding planes as:

J ¹?ºrender =
D

N ¹ ?º � 1 ~?
• (4)

where? is the 2D position on the image plane. ~? denotes the
homogeneous coordinate of?, and is the camera intrinsic.

Foundation Model Geometric Prior Constraints.In texture-
less regions (e.g., ground and walls), photometric loss tend to
be insu�cient. We employ an o�-the-shelf monocular depth
estimator [18] to provide dense depth prior. We address the
inherent scale ambiguity between the estimated depths and the
actual scene geometry by comparing them to sparse Structure-
from-Motion (SfM) points, following [31]. Speci�cally, we
align the scale of the monocular depth mapJ mono with the

SfM points projected depth mapJ sfm using linear regression:

ŝ–̂t = argmin
s–t

Õ

?2J sfm

k¹s� J ¹?ºmono ¸ tº � J ¹?ºsfm k2
2 • (5)

Finally, we use the re-scaled depth mapŝ� J ¹?ºmono ¸ t̂
to regularize the rendered depth mapJ ¹?ºrender . Similarly,
we adopt an o�-the-shelf monocular normal estimator [32] to
provide dense normal regularization to the rendered normal
mapNrender for accurate geometric modeling.

Multi-view Consistency Constraints.Inspired by [33], [34],
a patch-based normalized cross-correlation (NCC) loss is
applied between two gray rendersf I render –̂I render g to force
the multi-view photometric consistency:

L mv =
1

kPk

Õ

p2 P

Õ

?2p
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whereP is the set of all patches extracted fromI render and
H is the homography matrix bwteen the two frames.

B. Building Realistic and Interactive Simulation

To enable the agent-environment interaction, we integrate
a GS-mesh hybrid scene representation into the Isaac Sim
with coordinate alignment. We further leverage agent-object
randomization and occlusion-aware scene composition to
advance robust and generalizable visual policy training.

GS-mesh Hybrid Representation.1) TheGaussianrepre-
sentation generates photorealistic visual observations from
the robot's ego-centric viewpoints. We �rst align the intrinsic
parameters betweenSim and Real by calibrating the robot
camera's focal length and distortion parameters. We then
obtain the camera extrinsic within the simulation coordinate
system by retrieving the ego-view position and quaternion-
based orientation from Issac Sim. 2) TheMeshrepresentation
facilitates physical interaction and precise collision detection.
We render the depth map for each input view and leverage
a Truncated Signed Distance Function (TSDF) [35] fusion
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