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Abstract— Accurately manipulating articulated objects is a
challenging yet important task for real robot applications. In
this paper, we present a novel framework called Sim2Real®
to enable the robot to manipulate an unseen articulated
object to the desired state precisely in the real world with
no human demonstrations. We leverage recent advances in
physics simulation and learning-based perception to build the
interactive explicit physics model of the object and use it to
plan a long-horizon manipulation trajectory to accomplish
the task. However, the interactive model cannot be correctly
estimated from a static observation. Therefore, we learn to
predict the object affordance from a single-frame point cloud,
control the robot to actively interact with the object with a
one-step action, and capture another point cloud. Further,
the physics model is constructed from the two point clouds.
Experimental results show that our framework achieves about
70% manipulations with < 30% relative error for common
articulated objects, and 30% manipulations for difficult
objects. Our proposed framework also enables advanced
manipulation strategies, such as manipulating with different
tools. Code and videos are available on our project webpage:
https://ttimelord.github.io/Sim2Real2-site/

I. INTRODUCTION

The ability to manipulate articulated objects such as
opening cabinets and turning faucets is critical for household
robot use cases. Because manipulation is a sequence of
different actions corresponding to different object states, it
is difficult for neural networks to learn the correlation, even
with hundreds of successful demonstrations and millions
of interactions [1]. For human beings, the manipulation
does not only involve the responding action to perception,
which is the case for visual policy networks, but also
involves motor imagery and mental simulation [2]. And the
development of the mental model and cognition is closely
dependent on actions [3], [4]. By actively interacting with
the environment and changing the state, intelligent agents
can gather additional information and model the world more
accurately.

In this paper, we propose a robot learning framework
for precise articulated object manipulation in the real world
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Fig. 1. Sim2Real? is a robot learning framework for precise articulated
object manipulation in the real world. It builds the mental model of the
unseen target object through one-step active interaction and uses the model
to generate a long-horizon manipulation trajectory.

called Sim2Real? (Fig. 1), where we use a physics simulator
as the mental model of robots. The framework first learns
an action affordance estimation network in the simulation,
which takes a partial point cloud as input and predicts a one-
step action to change the object state. Because affordance
estimation is only attributed to the object and not related to
the robot, it is easier to learn and has better generalizability
to novel objects. Secondly, we feed the observed point cloud
from the real depth sensor to the learned network, execute
the predicted action on the real robot and capture another
point cloud after execution. Thirdly, we use a learning-based
method to construct the explicit physics model of the single
object instance in the simulation. Given the goal state of the
object, we generate a long-horizon manipulation trajectory
using model predictive control (MPC). Finally, we execute
the trajectory on the real robot to manipulate the object to the
goal state. Compared with the latent world model based on
neural networks [5]-[7], we only require one interaction in
the real world, and the model is guaranteed to generalize and
extrapolate to unseen actions. We achieve this by introducing
the structured physics prior of articulated objects to the
model-building procedure.
The key contributions of the paper are as follows:

(1) we propose a robot learning framework for precise
articulated object manipulation.

(2) we quantitatively evaluate the effectiveness of the
proposed framework through real experiments on 9
articulated objects of 3 different categories.

(3) we show that our framework can support advanced
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Sim2Real? framework overview. Our framework consists of three phases: Given a partial point cloud of an unseen articulated object, in the

Interactive Perception phase, we train an affordance prediction module in simulation and use its prediction to change the object’s joint state through
one-step interaction; in Explicit Physics Model Construction phase, we build an interactive model from the two point clouds; in Sampling-based Model
Predictive Control phase, we use the model to plan a long-horizon trajectory in simulation and finally execute the trajectory on the real robot to complete

the task.

manipulation skills, such as manipulating with tools.

II. RELATED WORK

Building Transition Model Model-based reinforcement
learning(MBRL) builds a transition model for the
environment and reduces the need of environment
interactions substantially [8]-[10]. Given the prevalence of
deep learning, high-capacity neural networks are usually
used as the transition model [5]-[7]. But because the
networks contain minimal prior of the environment, still a
large number of training samples are required to improve the
generalizability [11]. In our work, we focus on articulated
object manipulation, so we introduce the prior through an
explicit physics model and decrease the number of required
samples to 1. Moreover, the generalizability of the explicit
physic model guarantees that while we only use a simple
action to collect the sample, the built model can be used
for long-horizon complex trajectory planning composed of
unseen actions.

Sim2Real for Robot Learning Physics simulation plays a
key role in robot learning as it allows large-scale parallelism,
reduces the training cost, and avoids potential damage to
robots and researchers [12]-[14]. Most existing methods train
an RL policy in the simulation and transfer the policy to
the real robot [15]-[17]. However, it entangles two difficult
problems: the policy’s generalizability to novel objects in the
real world, and the domain gap between simulation and the
real world. In our work, we disentangle the two problems
by using simulation in two different ways: firstly, we learn
a simple policy on large-scale object assets to interact with
the object and build the model. The simplicity of the policy
leads to better generalizability. Secondly, we use MPC to
generate the manipulation trajectory on the built model of
the single object instance. Because the diversity of objects is
avoided, it reduces the number of interactions substantially
and improves the manipulation accuracy.

Articulated Object Manipulation Manipulation of

articulated objects is important to real robot applications
and remains an open research problem due to the objects’
complex kinematic constraints. Learning-based methods
have shown promising progress on this problem, but most
of them only evaluate the effectiveness in the simulation [1],
[18]. Eisner et al. proposed to manipulate the objects
based on the per-point articulation flow estimation, but it is
only applicable to suction grippers and does not infer the
structure of the object. Our work is most related to SAGCI-
system [19], which uses a learning-augmented differentiable
simulation to produce manipulation policies. Our work
differs from theirs in three key ways: (1) our method does
not require differentiable physics simulation so that it can
be adaptable to all existing physics simulators and does not
require persistent contact between the robot and the object;
(2) we carried out an extensive quantitative evaluation on
real robot experiments; (3) our framework enables advanced
manipulation policies, such as manipulating with tools.

III. METHOD
A. Overview

An overview of our framework is shown in Fig. 2. The
goal of our work is to manipulate real-world articulated
objects to desired joint states. When the robot is deployed
in the real world, it can use sensors like RGB-D cameras
to perceive the articulated object. The observation is usually
partial because of self-occlusion. So our learning framework
takes point clouds generated from single-view depth images
as input.

The information about the articulated object is not
complete in a single-frame observation. For example, when
humans first look at a kitchen door, it is hard to tell whether
it has a rotating hinge or a sliding hinge. But after the door
is moved, humans can use the information contained in the
two observations to infer which kind of hinge the door has
and where the hinge is. With an initial observation (which
is a single-view point cloud) as input, the Interactive

11699



Perception module (III-B) proposes an action which can
change the joint state of the articulated object. Then the
action is executed on the object. Another frame of point
cloud is acquired.

With the two observations of the articulated object, the
Explicit Physics Model Construction module (III-C)
can construct a digital twin of it. We use Unified Robot
Description Format (URDF) to represent the constructed
model. URDF files can be easily loaded into all kinds of
multi-body physics simulators, such as Sapien [20]. In the
simulator, the robot can interact with the articulated object,
which forms a mental model of reality.

Once the mental model is constructed, we use Sampling-
based Model Predictive Control (III-D) to plan how to
change the state of the articulated object to a desired one.
Given one specific initial state and one goal state of a specific
model, we no longer require the generalizability, so we
choose to utilize the iCEM method [21], a sampling-based
zeroth-order trajectory optimizer in an MPC framework, to
search for the goal trajectory to accomplish the task.

B. Interactive Perception

The robot gets a better understanding of the articulated
object by actively interacting with it. Because the robot only
has a single-frame point cloud Py € RV*3 as observation
at the beginning, it has to infer an action a* to change the
object’s joint state sg to get more information.

In our work, we choose Where2act [22] for affordance
predicting in the Interactive Perception module. It predicts
object affordance related to the end-effector. Other works
like [23], [24] can also be used in our framework. In [22],
the algorithm has an Actionability Scoring Module which
predicts actionability score a,, over all the points; the Action
Proposal Module proposes actions on a particular point; the
Action scoring module predicts success likelihood score of
the proposed actions.

In the Where2act method, only a flying gripper is
considered. The primitive actions are parametrized by
gripper pose in SFE(3) space. It does not consider the
kinematic structure of the robot, which increases the
difficulty of execution in the real world because motion
planning may fail. To solve this problem, we choose n,
points with the highest actionability scores as candidate
points. For each point, we select n, actions with the highest
success likelihood scores from the proposed actions. We
use motion planning to try to generate joint trajectories for
the actions one by one until a successful one is found. We
empirically find that this method improves the success rate
for the motion planner because the action with the highest
success likelihood is often out of the dexterous workspace
of the robot. Finally, we execute the planned trajectory on
the real robot, which changes the articulated object’s joint
state from sp to s;. Then the agent can observe another
point cloud P;.

C. Explicit Physics Model Construction

Building an explicit model of an articulated object is
difficult because only if the geometries of all parts and

kinematic relationships between connected parts are both
figured out can the model of the articulated object be
constructed.

Our work focuses on the Sim2Real of articulated objects,
which needs to use the model trained in physical simulation
to reconstruct the interactive digital twins of the articulated
objects in the real world and use it in the physics simulation
to interact with the robot. In our work, we have two
assumptions for the constructed physics model: (1) the
articulated object only contains a single prismatic or revolute
joint; (2) the base link of the articulated object is fixed.

We choose Ditto [25] to construct the physical model
explicitly. Given visual observations before and after the
interaction Py and P17, Ditto uses structured feature grids
and unified implicit neural representation to construct part-
level digital twins of articulated objects. Different from the
original work where a multi-view fused point cloud is used,
we use a single-view point cloud as input, which is more
consistent with real robot application settings. Furthermore,
we simulate the depth sensor noise when generating training
data to narrow the domain gap [26]. After we train the
Ditto on simulated data, we use the trained model on
the real two-frame point clouds to generate the implicit
neural representation and extract the meshes. The explicit
physics model is represented as URDF, which can be loaded
into existing physics simulators. We further perform convex
decomposition using VHACD [27] before importing the
meshes to the physics simulator, which is essential for
realistic physics simulation of robot interaction.

D. Sampling-based Model Predictive Control

Having an explicit physics model and a target joint state
Starget Of the articulated object, the agent needs to search
for a trajectory that can change the current joint state
Sinitial = 51 1O Starget. The expected relative joint movement
is ASiarget = Starget — Sinitial- In our work, we use the
iCEM method [21] to search for a feasible long-horizon
trajectory to complete the task:

Trajectory length 7' € NT denotes the maximum time
steps in a trajectory. At each time step ¢(¢ < T'), the action
of the robot a; € R? is the incremental value of the joint
position, where d is the number of degrees of freedom
(DOF) of the robot. The population N denotes the number
of samples sampled in each CEM-iteration. Planning horizon
h determines the number of time steps the robot plans in the
future at each time step. The top K samples according to
rewards compose elite-set, which is used to fit means and
variances of a new Gaussian distribution. Please refer to [21]
for details of the algorithm.

To speed up the searching process, we use dense rewards
to guide the trajectory optimization. The reward function
consists of the following terms:

(1) success reward

_ Ws, lf‘starget - St| <€
Tsuccess =
0, else
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where s, denotes the joint state at current time step ¢, and e
is a predefined threshold.
(2) approaching reward

Ttarget = —Wwg * (Starget - St)/(starget - Sinitial)

This reward encourages s; to converge t0 Siqrget-
(3) contact reward

if ‘St - Starget| <1

Weontact s
| Starget — Sinitial |

/r‘ = . . .
contact if unexpected collision happens

—Weollision s

0, else

This reward encourages the robot to have first contact with
the object in the correct direction and to keep in contact with
the object when moving the part. Also, this reward tries to
prevent parts other than the fingertip or the target part of the
object from colliding.

(4) distance reward

Tdist = Wq * ||ppart - pgrasp|‘2

This reward encourages the gripper to get closer to the target
part of the object, where Ppart, Pgrasp € R3 denotes the
position of the geometry center of the target part and the
grasp center of the gripper in Cartesian space, respectively.
(5) regularization reward

d
Treg = —Z(wa*ai—kwv*vi)
i=0
This reward is a regularization reward that discourages
the robot to move too fast or move to an unreasonable
configuration. a; and v; denote the acceleration and velocity
of the ¢th joint respectively.
Once the manipulation trajectory is generated, we execute
the trajectory on the real robot.

IV. EXPERIMENTS

We examine the effectiveness of the proposed method to
manipulate the articulated objects precisely. We first perform
a large amount of real articulated object manipulation
experiments to quantitatively evaluate the accuracy of our
method. Then, ablation studies are conducted to validate
the effectiveness of the parts of our method. Finally,
we evaluate the flexibility of our method by completing
articulated manipulation tasks with tools.

We choose 3 categories of articulated objects for
experiments, which are drawers, faucets, and laptops.
We use Sapien physics simulator [20] to collect data for
training of the Interactive Perception module and Explicit
Physics Model Construction module and create simulation
environments for Sampling-based Model Predictive Control.

A. Data Collection and Training

Interactive Perception. We choose 35 drawers, 8 faucets,
and 7 laptops from the Partnet Mobility dataset [20] for
data collection. We use pushing primitive when collecting
data on drawers and laptops, and pushing-left primitive when

RealSense
D415
b

ROKAE
xMate3 pro

(@ (b)

Fig. 3. Real-world experimental setup (a) and the manipulated objects (b).
There are 3 categories of articulated objects for our real-world experiment.

collecting data on faucets. The 3 categories are trained
separately for the difference in action primitives. 70000,
96000, and 14000 samples are collected for drawers, faucets,
and laptops, respectively. The way of data collecting is
similar to [22]. Here are some differences: (1) we randomly
set the target joint state (2) The azimuth of the camera is
randomly sampled from [—60°,+60°) and the altitude is
randomly sampled from [15°,45°). (3) we move the center
of the point cloud to the origin instead of translating the point
cloud by a certain value, which is beneficial for deployment
in real environment because objects may appear at different
distances from the camera. We downsample the object point
cloud to 2000 points before using it as the network input.
Explicit Physics Model Construction. For drawers and
faucets, we choose 14 and 8 objects from Shape2Motion
datasets [28]. For laptops, we choose 5 objects from PartNet-
Mobility dataset [20] because the joint limits of laptops
in PartNet-Mobility dataset are more reasonable than in
Shape2Motion datasets. The original meshes are not water-
tight in the PartNet-Mobility dataset, which cannot be used to
compute point occupancy, so we use ManifoldPlus [29] to fix
the meshes. We reimplement the data collection code using
Sapien simulator to keep consistency. When collecting data,
the object is fixed on the origin and then randomly rotated
around the z-axis by [—60°,+60°). The camera is on a
sphere centered on the object’s center. Azimuth and Altitude
of the camera are randomly sampled from [—60°, +60°) and
[15°,45°). 10000 samples are collected for each category.
We downsample the object point clouds to 8192 points. The
3 categories are trained jointly.

B. Real World Articulated Object Manipulation

Fig. 3(a) shows the setup of our real experiments, which
consists of an optical table, a 7-DOF robot (ROKAE
xMate3Pro) with a 2-finger gripper (Robotiq 2F-140)
mounted on its end link, an RGBD camera (Intel RealSense
D415) and the articulated object to be manipulated.

We choose 9 objects in 3 categories for real object
manipulation experiments (Fig. 3(b)). The articulated object
is randomly located on the table with the base link fixed,
and s¢ is randomly set. We randomly select As;qpger Which
does not exceed the joint limit and covers both directions of
possible movement. We crop the object point cloud out of
the whole scene with a bounding box.
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For parameters of the Interactive Perception module, we
choose n, = 10 and n, = 10. For parameters of the
Sampling-based Model Predictive Control module, we find
that T = 50, N = 300, h = 10 and K = 20 are enough
to complete all the tasks. The range of incremental value
of joint position is set to [—0.05,0.05]. The parameters in
the reward function are determined manually according to
experience in the simulation environment. We set wy = 20,
€ = 0.005(m or rad), wy = 50, Weontact = 10, Weollision =
60, wg = 10, w, = 0.01 and w, = 0.03. We use 20 processes
for sampling in simulation on a computer that has an Intel
Core 17-12700 CPU and an NVIDIA 3080Ti GPU. It takes
4 minutes to find a feasible trajectory.

We conduct about 30 experiments for each category. After
the trajectory is executed in the real world, we measure the
real joint movement As,cq; = Sreql — Sinitial a1d compare it
with the target joint movement As;urget = Starget — Sinitial-
We compute the error 6 = ASyeq; — AStarger and the relative
error §, = §/Asyarger X 100%, results of all the experiments
can be found in Fig. 4, and statistical results can be found in
Table I. Trajectories of both opening and closing the laptop
are shown in Fig. 5.

Among all 3 categories, the drawer has the lowest |d,|
and the faucet has the highest |0, according to Table L
It is reasonable because the size of the faucet is relatively
small, a minor inaccuracy in model construction or trajectory
execution will result in a big error in the joint state. About
70% manipulations achieve a || < 30% for drawers and
laptops, which shows the accuracy of our method.

TABLE I
ACCURACY OF REAL ARTICULATED OBJECTS MANIPULATION

Category Drawer  Laptop Faucet
Number of manipulations 31 32 30
. . <10% 12 7 0
Number (:ft .n‘lgil‘lpulatmns <30% 2 20 9
<50% 28 26 19
Avg |4] 1.15cm 5.69° 10.37°
Avg |6, 21.81%  27.26%  56.21%

Errors may be caused by the following factors:

(1) The constructed mesh is not accurate enough, especially
for the parts that are occluded. For example, the inside
face of the drawer front cannot be observed by the
RGBD camera, so when the digital twin is constructed,
the drawer front is thicker than the real one. It causes the
results of opening tasks of drawers (which has average
|0] of 2cm) to be worse than closing tasks (which have
average |d| of 0.5cm). It is worth noting that there is a
relative error of over 400% in turning faucet tasks. This
happens because the robot touches the part close to the
joint axis first (which does not occur in the simulation),
causing a huge rotation of the handle.

(2) The dynamics properties of the real articulated objects
are complicated. For example, the elastic deformation
of laptops is not modeled in the simulation.

(3) The kinematic structure of a real articulated object is not

5 80%
ale 60%
3 ] -
° 3 40%
2 & @ r % .
5 F1 o °° | o I oo 20% ¢
g s * o9 | T I
L] T8 o, Jo8T e % 2
6 & L ° ° k=)
t 20% 2
2 e 000
o t -40%
3 °
4 - -60%
°
-5 -80%
15 -10 -5 0 5 10 15 -15 -10 -5 0 5 10 15
Open Target Movement Close Open Target Movement Close
— (cm) —_— — (cm) —_—
15 100%
12 o b 80%
®e | o o
9 o oot F 60%
6 © g0 | "& te 40%
- g° ° & 5
o B3 Fo ° F o & 20% £
] ° ui
s B L o
8 30 [et—t—T1—e——— —O—‘—‘;‘O‘T@— 0% 2
© 2 ®
= 53 . 8, 20% g
6 8 Se -40%
(o)
9 r -60%
°
-12 r r -80%
°
-15 -100%
-60 -40 -20 0 20 40 60 -60 -40 -20 O 20 40 60
Close Target Movement Open Close Target Movement Open
DE— (deg) —_— (deg) -
o
50 S 500%
40 L e 400%
30 r r 300%
20 H H 200%
= B0 - o © o 100% £
s e 0 L . L ) s 0% 2
P b S
3 °% ® [,89g988% e
= o
= 50 B ngoo %00 -100% g
20 - o4 8 -200%
30 t t -300%
40 L t -400%
-50 -500%
-60 -40 -20 0 20 40 60 -60 -40 -20 O 20 40 60
cw Target Movement CCW cw Target Movement CcCcW
—

(deg) - (deg) -

Fig. 4. Results of real-world articulated object manipulation experiments.
Each row shows the result of 3 categories respectively. The left column
shows the error ¢ of the manipulation. The right column shows the relative
error ;- of the manipulation. The sign of the target movement denotes the
direction of the movement (e.g. opening or closing, clockwise (CW) or
counterclockwise (CCW).

ideal. For example, there might be gaps in the drawer
rails, which turns the original prismatic joint into a joint
with several DOFs.

C. Ablation Study

Interactive Perception. To evaluate the necessity of the
Interactive Perception module, we train the ablated version,
which only uses a static single-frame point cloud. For a
fair comparison, we do not change the network architecture
and use two same point clouds as the network input. The
loss related to the joint state is removed. Fig. 6 shows the
comparison result of a real faucet. By actively interacting
with the object, we can build a model with more accurate
movable part segmentation and joint axis estimation, which
is necessary for precise manipulation.

Reward function. The reward function in the sampling-
based model predictive control module is designed to guide
the robot to complete the task. To examine the influence of
each term of the reward function, we design this ablation
study. There are 5 terms in the reward function, so 6 groups
of experiments are conducted to reveal each term’s influence
against the full reward function. The first group runs iCEM
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(b)
Fig. 5. Trajectories of laptop manipulation: (a) open; (b) close. The
constructed digital twin precisely captures the kinematic property of the
articulated object, leading to the accurate alignment of Sim and Real.

w/ IP w/o IP

Fig. 6. Ablation study on Interactive Perception. The model
constructed with Interactive Perception (IP) has more accurate movable part
segmentation and joint axis estimation than without IP.

with the full reward function as in III-D. Each of the other
5 groups drops one term of the full reward function. In
each group, 5 tasks are conducted to make the results more
general. The task that is not done when the time step
reaches 50 is considered to be failed. Fig. 7 summarizes the
experimental results.

The experiments using the full reward function are
superior in both success rate and steps to succeed, except
for the experiments without r,..,. However, the trajectories
searched in w/o 7., are not suitable for real execution,
because the robot tends to move to an unusual configuration
which could be dangerous when executed in the real world.
Without 744, it’s impossible for the robot to complete the
task because the horizon is too short for the robot to get
a positive reward. Without 7i4rgets Tsuccesss O Tcontacts
the success rates are lowered, and for successful cases, the
robot needs more steps to complete the task.

D. Advanced Manipulation Skills

Our method can be easily extended to support advanced
manipulation skills, such as manipulating with tools. When

Ablation Study Result

Steps to succeed

Full reward
w/o [gist
W/0 Itarget
W/0 Fsuccess
W/0 Icontact
W/0 Ireg

Taskl Task2 Task3 Task4 Task5

Fig. 7. Results of ablation study on reward function. The 5 tasks are
opening/closing drawer, opening/closing laptop and turning faucet. The task
is considered to be failed if it is not done when time step reaches 50.

the drawer is located out of the dexterous range of the robot
or the gap between the drawer front and the drawer body is
small, it cannot be opened only using the gripper. The robot
can use tools around it to help complete the task. We choose
two tools to complete the drawer opening task to verify the
tool-using capability of our method (Fig. 8). Benefiting from
the explicit physics model, it is not complicated to install a
tool on the robot to interact with the articulated object. When
using MPC to search for trajectories, we assume the tools are
mounted on the robot gripper. We simply change the gripper
tips to the tool in r4;5; when computing rewards. We observe
that the robot can find the trajectory successfully with most
parameters unchanged. For the semi-ring tool, we increase
the sample population N to 600.

Fig. 8. Open drawer with tools. In real scenarios, the object may be beyond
the robot’s reach, or the gripper cannot fit into the object’s size. Our method
can be extended to tool-using cases. As shown in these two sequences, the
robot uses a T-shaped tool or a semi-ring to open the small drawer.

V. CONCLUSIONS

In this work, we present Sim2Real?, a robot learning
framework for precise articulated object manipulation. We
first build the explicit physics model of the target object
through active interaction and then use MPC to search
for a long-horizon manipulation trajectory. Quantitative
evaluation of real object manipulation results verifies the
effectiveness of our proposed framework. For future work,
we plan to integrate proprioceptive sensing during real-robot
interaction to refine the constructed model for more precise
manipulation. Besides, a module that estimates the state
of the object in real time will be helpful for reactive
and multiple manipulations. Also, we hope to extend the
framework to objects with multiple movable parts.
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