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Abstract— Real-to-sim-to-real systems have been studied to
overcome the challenges of robot policy learning in the real
world by creating a virtual environment that mimics the
actual workspace. However, previous studies have limitations,
requiring human assistance, such as observing the workspace
with a hand-held camera or manipulating objects with a hand.
To solve these limitations, we propose a novel real-to-sim-to-real
framework, ARIC, that performs without human help. First,
ARIC observes real objects by repeatedly changing the object
poses through the pre-trained robot policy via reinforcement
learning. Through iterative interactions between the robot and
the environment, ARIC gradually improves the accuracy of
3D object reconstruction. Next, ARIC learns task-specific robot
policies in simulation using replicated objects and applies the
policies to real-world scenarios without fine-tuning. We confirm
that ARIC efficiently learns robotic tasks by achieving a success
rate of 83.3% on average for three real-world tasks. !

I. INTRODUCTION

In recent years, there has been active research in robotics
focused on developing control policies through deep learning
[1]-[3], including manipulation tasks using real robots [4],
[5]. However, training robots for real-world scenarios poses
numerous challenges. First, learning tasks from scratch in the
real world typically demands considerable time and human
intervention, such as resetting the workspace and determining
task success. Although robotic teleoperation systems are
employed to collect real-world data [6]-[8], they require
significant human effort, and the data quality can vary widely
depending on the skill of the user. In addition, if the task
is changed or unknown objects are used, additional human
assistance is needed for further training of robotic policies.

To address these challenges, recent studies aim to learn
robotic policies for real-world scenarios through real-to-sim-
to-real approaches [9], [10], a pipeline that combines real-to-
sim and sim-to-real frameworks. The real-to-sim phase repli-
cates the actual objects into a virtual environment through
3D object reconstruction techniques [11]-[13], and the sim-
to-real phase learns the task-specific policy in the simulated
environment and transfers the learned policies back to the
real world. The real-to-sim-to-real system allows a robot to
learn manipulation policies by carrying out time-consuming
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Fig. 1: ARIC consists of real-to-sim and sim-to-real phases.
In the real-to-sim phase, ARIC observes the actual workspace
to create 3D object meshes by repeatedly re-posing objects.
In the sim-to-real phase, ARIC learns a robot behavior policy
for downstream tasks in a virtual environment using gener-
ated meshes and applies the policy in a real environment.

actions efficiently in a virtual environment. However, chal-
lenges in the sim-to-real transfer occur due to the visual
gap between the real and virtual environments, as well as
the inaccuracies in the 3D reconstruction of objects. In
addition, accurately reconstructing the 3D shape of objects
requires observations from a comprehensive range of angles.
However, acquiring a sufficient number of viewpoints is often
challenging because the workspace of a manipulator with
a fixed base is limited. Consequently, previous real-to-sim-
to-real studies have limitations, requiring human assistance,
such as observing the workspace with a hand-held camera
[10] or manipulating objects with a hand [9].

To overcome this limitation, we propose a novel real-
to-sim-to-real framework named ARIC (Automatic Real-to-
sim-to-real via Iterative Complement), which learns robot
manipulation policies through the automatic real-to-sim-to-
real pipeline, as shown in Figure 1. For the real-to-sim phase,
ARIC utilizes Gaussian surfels [14], a Gaussian splatting-
based method to reconstruct an object surface accurately
using only RGB observations. Next, ARIC identifies incom-
pletely reconstructed objects using the proposed complete-
ness score function. Then, ARIC repeatedly complements
incomplete objects by obtaining additional observations from
new viewpoints through repositioning objects using a robot.
The reposition policy of ARIC is pre-trained through re-
inforcement learning (RL). Through iterative interactions
between the robot and the real objects, ARIC incrementally
improves the accuracy of 3D reconstruction for objects
within the workspace. On the other hand, in the sim-to-
real phase, reconstructed objects are used in the virtual
environment, where task-specific policies are trained via
RL. ARIC robustly trains robot action policies by randomly



altering task states, such as object positions, orientations, and
goal positions within the simulation. Also, ARIC reduces the
observation gap between the simulation and the real world by
using precisely reconstructed objects. Finally, ARIC transfers
robot manipulation policies trained in simulation to real-
world tasks without fine-tuning.

In the experiments, we aim to solve the following three
downstream tasks with ARIC: Push-to-Goal, Scrubbing, and
Push-with-Stick, as shown in Figure 1. Note that the user of
ARIC should provide reward and termination functions of the
task. As a result, ARIC achieves a success rate of 83.3% on
average for three tasks in the real environment, which means
that the robot policies learned by ARIC can be successfully
applied to real scenarios without any fine-tuning.

In summary, the main contributions of ARIC are as
follows: (1) ARIC automatically performs the real-to-sim
system without human assistance. (2) ARIC can gradually
enhance the accuracy of 3D shapes through iterative interac-
tions. (3) ARIC robustly solves various manipulation tasks
without fine-tuning the policy in real-world environments.

II. RELATED WORK
A. 3D Object Reconstruction

3D object reconstruction is the task of reconstructing the
three dimensional shape of the target object through data
collected from various sensors [11]. In particular, estimating
the 3D shapes only with RGB observations is a practical but
challenging task. Recent studies have introduced methods
based on NeRF [13] or Gaussian splatting [14], which effec-
tively learn scene representations to restore shapes. Typically,
3D object reconstruction methods utilizing multiple images
estimate the camera poses through the structure from motion
technique [15], which requires numerous highly overlapping
image pairs. Conversely, since we use a camera attached to
a manipulator, we can directly calculate the camera poses
using the poses of the manipulator and a calibration matrix
between the end effector and camera.

In ARIC, we employ Gaussian surfels [14] to reconstruct
3D object shapes. The reasons we select Gaussian surfels are
as follows. First, Gaussian surfels is a Gaussian splatting-
based method that generates high-quality object surfaces
with RGB observations from various views. In our problem
setting, it is important to obtain a better-quality shape with
multiple images rather than reconstructing an object with a
small number of images, i.e., one- or few-shot reconstruction
[12], since we are able to gather as many observations as nec-
essary. Second, Gaussian surfels utilizes object segmentation
masks to specify the target object to be reconstructed. This
approach allows us to individually reconstruct each object
shape in a scene where several objects exist.

B. Real-to-Sim-to-Real Systems

The real-to-sim-to-real system in robotics is an approach
that learns robot policies in a virtual environment that mimics
the real world and applies them in the real environment
[9], [10]. In real-to-sim-to-real systems, there are challenges,
such as restoring the 3D shapes of the observed real objects
and overcoming a gap between the simulated and real
environments. To address these problems, existing real-to-
sim-to-real studies utilize recent 3D object reconstruction

methods to generate accurate object meshes. Furthermore,
they perform the sim-to-real policy transfer by robustly
training policies using domain randomization techniques or
by reducing the visual gap using photorealistic simulations.
Ditto [9] proposes a real-to-sim system, which aims to
replicate artificial objects with joints through human-object
interactions. RialTo [10] utilizes an off-the-shelf scanning
app to observe an actual workspace and replicates the en-
vironment using a NeRF-based algorithm. Unlike previous
works, ARIC focuses on performing a real-to-sim system
without human assistance. Since the assumptions of the real-
to-sim system and the experimental setting are different, the
above works are not used as baselines in experiments.

III. AUTOMATIC REAL-TO-SIM TRANSFER

We propose a novel real-to-sim-to-real method, ARIC, to
learn robot manipulation policies for real-world scenarios.
ARIC consists of a real-to-sim phase that replicates real
objects into a virtual environment and a sim-to-real phase
that learns the robot policy with generated replicas in the
virtual environment and applies the learned policy to real-
world tasks. We describe the real-to-sim phase in this section,
and the sim-to-real phase is explained in the next section.

For the real-to-sim transfer, ARIC observes the real
workspace using an RGB camera attached to the robot. The
goal of the real-to-sim phase is to reconstruct the 3D object
shapes as accurately as possible through interactions between
a robot and a real environment without human assistance.
To generate accurate object replications, observations of
objects from various viewpoints are necessary. However, the
workspace of a robot arm with a fixed base is limited, so
there are viewpoints that cannot be reached depending on the
location of the object. To solve this problem, ARIC collects
observations from various viewpoints by repeatedly changing
the pose of objects through robotic actions.

As shown in Figure 2, the real-to-sim pipeline of ARIC
consists of four modules. First, the reconstruction module
converts real-world objects into individual point clouds using
RGB observations obtained from various viewpoints. Next,
the completeness module estimates the completeness score
of each generated point cloud. For each object determined to
be incomplete, the manipulation module changes the pose of
the object. Finally, ARIC obtains additional observations for
objects from new viewpoints, and the complement module
incorporate the newly collected point cloud. The above pro-
cess is repeated until it is determined that the reconstructed
point clouds of all objects are completed.

A. Reconstruction Module

The reconstruction module observes the workspace using
an RGB camera attached to the manipulator and generates
individual point clouds of detected objects. The inputs of this
module are RGB images and camera poses, and the output
is a set of point clouds of all objects in the workspace. First,
we generate object segmentation masks for each observation
using pre-trained FastSAM [16] and SAM2 [17] models. We
make object masks from the first observation using FastSAM,
and for subsequent images, we match the masks for the same
objects using SAM2. Next, we use Gaussian surfels [14] to
restore the 3D shape of the target object from RGB images.
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Fig. 2: Overview of ARIC. The real-to-sim phase consists of four modules. (1) The reconstruction module restores the 3D
mesh of objects using the observed RGB images and camera poses. (2) The completeness module determines whether the
generated meshes are completed. (3) For incomplete meshes, the manipulation module manipulates the corresponding object
to obtain additional observations. (4) The complement module improves the mesh using new observations. In the sim-to-real
phase, ARIC trains a task-specific policy using generated meshes and transfers the learned policy to the real world.

Gaussian surfels infers a point cloud of the target object using
RGBs, segmentation masks of the target object, and camera
poses as inputs. However, due to the limited workspace of
the manipulator, not enough viewpoints are guaranteed to
infer the shape of objects accurately. Therefore, we aim to
generate more accurate object point clouds by supplementing
the missing viewpoints through a subsequent process.

B. Completeness Module

The completeness module determines the completeness
score representing the completeness of the generated object
point cloud. The input of the module is an object point
cloud, and the output is a real number between zero and
one. The process of calculating the score is as follows. First,
we obtain the center point of the given point cloud, and all
object points are projected onto a unit sphere located at that
center point. Next, we use the Fibonacci lattice algorithm to
make N Fibonacci points evenly over the surface of the unit
sphere. Then, we count the number of valid points among the
Fibonacci points that have M| or more object points within a
distance r;. N, M1, and ry are constants. Finally, the ratio of
the number of valid Fibonacci points to the total number of
Fibonacci points is defined as a completeness score, as shown
in the second column of Figure 3. However, there are objects
for which it is difficult to determine the completeness of the
point cloud using the completeness score defined above. For
example, for objects with geometric holes, such as cups and
bowls, the projected points cannot completely cover the unit
sphere, i.e., the score of the perfect object point cloud is
not one. To solve this problem, we consider camera poses
to compensate for the incomplete score. Since we have the
camera poses that have observed the workspace, we can
project all camera poses onto a unit sphere. Then, we also
count the number of valid Fibonacci points that have M, or
more projected camera poses within a distance rp, where M»
and r, are constants. By projecting the camera poses, we are
able to cover the area where the hole of the object exists. For
instance, we can fill the hole of the cup with projected camera
poses, as shown in the third column of Figure 3. Finally, the
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Fig. 3: (Top) The completeness of the generated object point
cloud is estimated by projecting points onto a unit sphere.
(Bottom) For objects with holes, such as cups, an empty area
can occur. The completeness score is inferred reasonably by
considering the camera poses as well.

completeness score of the object is calculated using a union
of two valid Fibonacci point sets, as shown in the last column
of Figure 3. If the calculated completeness score of the object
exceeds a predefined threshold, it is judged to be complete.
In the experiment, we set the values of N, M;, r|, M>, and
ry to 1000, 10, 0.10, 1, and 0.10, respectively.

C. Manipulation Module

The manipulation module generates robotic behaviors that
change the positions and orientations of objects, which are
determined to be incomplete. The input of the module is
the observation of the workspace, and the output is the
push action of the robot. To supplement the point cloud of
an incomplete object, ARIC needs observations from new
viewpoints. Through RL in the simulation, ARIC learns the
robotic re-posing policy with push actions, which changes
the arrangement of objects to obtain additional observations
without human assistance. We describe the detailed explana-
tion of re-posing policy learning in Section V-A.

D. Complement Module

The complement module merges the existing and newly
obtained point clouds of a target object into one. The input of



the module is two point clouds for the same object, and the
output is a transformation matrix between point clouds. This
problem is called point cloud registration, and the goal is to
find a scale ¢ € R, translation vector .7 € R3, and rotation
matrix % € R3*3 applied to the source point cloud that best
matches the target point cloud.

Practically, since obtained point clouds are partially ob-
served and noisy, using typical point cloud registration
methods, such as RANSAC [18] and ICP [19], resulted
in inaccurate outcomes. Hence, we utilize Lepard [20],
a learning-based method that can infer the transformation
matrix between two point clouds with less overlap. Finally,
ARIC merges old and new point clouds through Lepard.
The merged point cloud is determined whether or not it is
completed through the completeness module.

The above process is repeated until all completeness scores
of objects achieve a predetermined score threshold, or the
number of performed robot actions exceeds the maximum
number. The point clouds generated by Gaussian surfels in-
clude 3D positions, normal directions, and colors so that they
can be converted into textured 3D meshes. Like Gaussian
surfels, we generate meshes through the Poisson surface
reconstruction method. The generated meshes are used for
robot policy learning for downstream tasks in the sim-to-real
phase, which is described in the next section.

IV. SIM-TO-REAL TRANSFER

In this section, we focus on learning object manipulation
policies in simulation using replicated object meshes gen-
erated through real-to-sim transfer in Section III. We use
Isaac Lab [21], the NVIDIA Isaac Sim-based robot learning
framework, for the following reasons. First, Isaac Sim is
a GPU-accelerated simulator that enables parallel learning
for multiple agents. Time-consuming robotic behaviors make
learning robot policies difficult, but in Isaac Sim, efficient RL
can be possible by simultaneously demonstrating multiple
robot actions. Second, with the photorealistic rendering sys-
tem of Isaac Sim, we can reduce the visual gap between sim-
ulations and real-world environments. Through the delicately
replicated objects of ARIC and the high rendering quality of
Isaac Sim, we can transfer the manipulation policy learned
in the simulation to the real world without fine-tuning.

To robustly train robot policies, we construct RL en-
vironments with variations in the simulation. Instead of
transferring the objects into the simulation with the same
poses as the real world, we rearrange objects on the virtual
workspace with random positions and orientations. Also, for
tasks in which a goal region exists, the goal position is
randomly changed. It enables ARIC to obtain a robust robot
policy that can successfully solve the target task even when
the arrangement of objects is changed in the real world.

V. EXPERIMENT

In this section, we aim to verify whether ARIC can
successfully perform the real-to-sim-to-real pipeline for real
scenarios through experiments. Therefore, we focus on an-
swering the following questions: (1) Can the re-posing
task of ARIC be successfully solved through RL in the
simulation? (2) Can ARIC improve the accuracy of the 3D
object reconstruction through iterative interactions between

Fig. 4: (Left) 3D artificial objects used for the learning of
the re-posing task. (Right) Visualization of the Isaac Sim
environment for the re-posing task.

the manipulator and real-world workspace? (3) Can ARIC
carry out diverse downstream manipulation tasks in the real-
world environment?

A. Target Object Re-Posing Experiment

In this experiment, we learn the robot push policy for the
re-posing task. The goal of the re-posing task is to change the
object arrangement, so that the target object can be observed
at different viewpoints. We implement the environment for
re-posing task learning in Isaac Sim, as shown in Figure 4,
and learn the re-posing policy through RL.

Observation Space. The robot push policy uses a set of
image observations as an input, and the image observations
consist of a top-view RGB observation (three channels) and
current and initial masks of the target object (one channel
for each), with a total of five channels. The initial mask is
used to represent the initial orientation of the target object.
To effectively perform sim-to-real policy transfer, we use a
background-removed RGB image as an observation.

Action Space. We define the push action as a 3D real
vector (x,y,0). x and y represent the 2D coordinates of the
pushing point on the workspace, and 6 indicates the pushing
direction. The pushing distance and the height of the end
effector of the robot are fixed.

Reward and Termination Functions. To secure the view-
points of the target object, we aim to isolate the target from
other objects. The success condition of the re-posing task is
that the distances between the target and all other objects
are farther than a distance threshold, and the difference
between the current and initial orientations of the target is
more than a rotation threshold. The change in orientation
Ouifs is calculated as &yipp = 1— (qLr Qinit)*s Where Geyrr
and g;p;; are the current and initial quaternions of the target
object, respectively. On the other hand, if the target leaves
the workspace or the number of performed actions exceeds
the maximum number of actions, the episode ends in failure.
For the reward function, the agent only gets a positive reward
when the task is successfully terminated. Also, to prevent
meaningless push actions, if the agent fails to change the
pose of any object, the agent receives a negative penalty.

Experimental Setting. We set the distance threshold to
12 cm and the rotation threshold to 0.2. In the re-posing
task, we use 25 objects of diverse categories selected from
the YCB [22] and Shapenet [23] datasets. In each episode,
one to five objects are randomly used in the workspace. The
RL agent is trained through TAC [24], a maximum entropy
actor-critic RL algorithm. Also, we create 256 environments
to learn the re-posing policy efficiently.



Fig. 5: (Left) Everyday objects used in 3D reconstruction.
(Right) 3D reconstruction with a re-posing policy.

Experiment Result. The agent achieves an average task
success rate of 84.6%. This result indicates that the learned
policy successfully solves re-posing tasks. Furthermore, for
most failure cases, we can get new viewpoints of the target
because the pose of the target object has been changed.

B. 3D Reconstruction Experiment

In this experiment, we measure the 3D object recon-
struction error of ARIC using general objects placed in a
real workspace, as shown in Figure 5. ARIC restores the
3D shape of unseen objects by repeatedly interacting with
objects using a pre-trained re-posing policy. Through this
experiment, we aim to evaluates the 3D reconstruction error
according to the number of performed re-posing actions.

Metric of 3D Reconstruction Error. We define the 3D
reconstruction error as the chamfer distance between the
correct object point cloud and the generated point cloud
through ARIC. However, since there is no ground truth point-
cloud for everyday objects, we produce a correct point cloud
of each object using collected depth images.

Experimental Setting. We perform 3D object reconstruc-
tion experiments using 20 everyday objects in various cate-
gories. We make five batches, each consisting of four objects
and carry out the reconstruction experiment for each batch.
First, ARIC reconstructs the point clouds in the initial state.
Next, ARIC selects the object with the lowest completeness
score as the target object and performs a re-posing action.
ARIC repeats the above process four times, recording the
chamfer distances and completeness scores of all objects.

Experiment Result. The experiment results for 3D re-
construction errors are shown in Table I. As a result, the
number of performed re-posing actions increases, the cham-
fer distance decreases and the completeness score increases.
It means that the learned re-posing policy helps to improve
the accuracy of 3D object reconstruction through interactions
with the environment.

C. Solving Downstream Tasks

In this experiment, we solve three robot manipulation tasks
in the real world using ARIC, as shown in Figure 6. The
purpose of the experiment is to verify that the robot action
policy trained via the real-to-sim-to-real pipeline can robustly
solve real-world tasks. The downstream tasks to be solved
are as follows: (1) Push-to-Goal. The task is to push a
target object into a circular goal area (the first column of
Figure 6). The pose of the target and the position of the
goal region change randomly in each episode. The success
condition is that the distance between the target and the goal
is less than 4 cm. (2) Scrubbing. The task is to clean the
target area by scrubbing small objects using a scrub brush
(the second column of Figure 6). The number and poses of

Fig. 6: ARIC solves three manipulation tasks using diverse
objects: Push-to-Goal (First column), Scrubbing (Second
column), and Push-with-Stick (Last column).

small objects are randomly determined for each episode. The
success condition is to remove all small objects from a target
area. (3) Push-with-Stick. The task is to push a target object
into a circular goal area using a stick (the third column of
Figure 6). The pose of the target and the position of the
goal region are randomly determined for each episode. The
success condition is that the distance between the target and
the goal is within 4 cm.

Details for Reinforcement Learning. In sim-to-real trans-
fer, ARIC learns the robot behavior policy through RL. To
perform RL, we should define observation and action spaces
as well as reward and termination functions. First, for all
tasks, the observation space and the action space are the
same. The observation is a background-removed tabletop-
view RGB image. On the other hand, the action is a 3D robot
push behavior, which is the same as the re-posing task.

Next, the user should provide task-specific reward and
termination functions. For all tasks, the agent receives a
positive reward if the success condition is satisfied. In the
scrubbing task, we establish auxiliary rewards, which are
determined by the number of objects removed, to encourage
the cleaning of the target area. For scrubbing and push-with-
stick tasks, which use tools, the agent initially starts holding
the tool, and the task fails when the agent drops the tool.

Experimental Setting. Details of the experimental set-
tings are as follows. (1) Push-to-Goal. We perform the
push-to-goal task with four target objects. The agent should
position the target object in a circular goal area with a radius
of 4 cm through up to 10 pushing actions. For each object, we
measure the success rate over 10 episodes by changing the
position of the target object and goal region. (2) Scrubbing.
We use four scrub brushes and eight wooden blocks for the
scrubbing task. The target area is a square of 14 cm on each
side. The agent should remove all wooden blocks from the
square region with up to 10 pushing actions. For each brush,
we record the success rate over 10 episodes by changing the
pose of the wooden blocks. (3) Push-with-Stick. We use four
target objects for the push-with-stick task. Using a wooden
stick of 20 cm in length, the agent should position the target
object by pushing it into a circular goal region with a radius
of 4 cm, with up to 10 pushing actions. For each object,
we record the success rate over 10 episodes by changing the
position of the target object and goal region.

Experiment Result. The experimental results of ARIC
for downstream tasks are shown in Table 2. ARIC shows



Batch Initial Chamfer Distance (|) (Completeness Score (1))

Index Scene 1 Re-Posing Task 2 Re-Posing Tasks 3 Re-Posing Tasks 4 Re-Posing Tasks
1 1.62 £+ 1.01 (0.73 £ 0.12) 1.53 4+ 1.32(0.83 + 0.13) 1.14 £ 0.85 (0.87 = 0.09) 1.20 + 0.58 (0.88 £ 0.10) 1.00 £ 0.77 (0.89 £ 0.09)
2 2.92 4 1.14 (0.66 £ 0.13) 2.02 £ 0.49 (0.79 £ 0.09) 1.72 + 0.69 (0.81 £ 0.10) 1.88 +0.90 (0.83 £ 0.11) 1.67 +0.86 (0.85 £ 0.12)
3 1.78 £ 0.25 (0.72 £ 0.17) 1.41 +0.28 (0.80 £ 0.14) 1.38 +0.24 (0.85 £ 0.11) 1.16 £ 0.37 (0.88 £ 0.10) 1.21 +0.35 (0.91 £ 0.09)
4 2.11 £ 0.56 (0.63 £ 0.10) 1.85 £ 1.01 (0.73 £ 0.09) 1.55 £ 0.81(0.79 £ 0.12) 1.49 £0.69 (0.85 £ 0.11) 1.33 £ 0.89 (0.88 £ 0.09)
5 2.26 +0.85 (0.70 £ 0.13) 2.12 4 1.07 (0.78 £ 0.14) 1.94 £ 0.54 (0.86 % 0.09) 1.94 £ 0.68 (0.90 + 0.08) 1.82 £ 0.50 (0.92 + 0.06)

\

Average | 2.14+0.87 (0.69 £ 0.12) | 1.790.86 (0.79 £ 0.11)

1.55 £ 0.65 (0.84 & 0.10)

1.53 4068 (0.87 £0.09)  1.41 = 0.70 (0.89 = 0.08)

TABLE I: The average of 3D reconstruction errors of real objects according to the number of performed re-posing actions.
We record the average chamfer distance (mm) between the object point clouds generated by ARIC and the point clouds
obtained from depth images. The numbers in parentheses represent the average of completeness scores.

Env. | Push-to-Goal Scrubbing Push-with-Stick
Simulation | 0.963 £ 0.021 0912 + 0.045  0.869 £ 0.032
Real Env. | 0.925 £ 0.050 0.875 &+ 0.050  0.850 £ 0.058

TABLE II: Experimental results on downstream tasks of
ARIC. In each task, four different objects are used, and for
each object, we record average success rates for 200 and 10
episodes in the simulation and real workspace, respectively.

success rates of 92.5%, 87.5%, and 85.0% for Push-to-Goal,
Scrubbing, and Push-with-Stick, respectively, in real-world
environments. These results imply that ARIC can efficiently
and effectively learn various real-world robot tasks with
diverse objects through the real-to-sim-to-real system. Mean-
while, in all tasks, the success rate in the real environment
is lower than the success rate in the virtual environment.
Failures in the actual environment are mainly caused by
failing to move the object to the desired place due to the
friction between the object and the floor.

VI. CONCLUSION

In this paper, we propose a novel real-to-sim-to-real
system, ARIC. Unlike existing methods, ARIC improves
the accuracy of 3D object reconstruction through iterative
interactions between a robot and an environment without
human assistance. The generated objects are used for robot
policy learning in the simulation, and the trained policies are
applied to the real world. Through experiments, we show that
ARIC can effectively learn several downstream manipulation
tasks dealing with diverse objects.
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