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Fig. 1: Overview and real-world results of ArticuBot. Top: We generate thousands of demonstrations using a physics-based
simulator, and distill them into a hierarchical policy with point cloud observations. Bottom: The learned policy can transfer
zero-shot to table-top Franka arms in two different labs and a mobile X-Arm, and can open diverse unseen articulated objects

in both labs, real kitchens and lounges.

Abstract—This paper presents ArticuBot, in which a single
learned policy enables a robotics system to open diverse cat-
egories of unseen articulated objects in the real world. This
task has long been challenging for robotics due to the large
variations in the geometry, size, and articulation types of such
objects. Our system, ArticuBot, consists of three parts: generating
a large number of demonstrations in physics-based simulation,
distilling all generated demonstrations into a point cloud-based
neural policy via imitation learning, and performing zero-shot
sim2real transfer to real robotics systems. Utilizing sampling-
based grasping and motion planning, our demonstration gener-
alization pipeline is fast and effective, generating a total of 42.3k
demonstrations over 322 training articulated objects. For policy
learning, we propose a novel hierarchical policy representation,

in which the high-level policy learns the sub-goal for the end-
effector, and the low-level policy learns how to move the end-
effector conditioned on the predicted goal. We demonstrate
that this hierarchical approach achieves much better object-
level generalization compared to the non-hierarchical version.
We further propose a novel weighted displacement model for the
high-level policy that grounds the prediction into the existing
3D structure of the scene, outperforming alternative policy
representations. We show that our learned policy can zero-shot
transfer to three different real robot settings: a fixed table-top
Franka arm across two different labs, and an X-Arm on a mobile
base, opening multiple unseen articulated objects across two labs,
real lounges, and kitchens. Videos and code can be found on our
project website: https:/articubot.github.io/.



1. INTRODUCTION

Robotic manipulation of articulated objects, such as cabi-
nets, drawers, fridges, microwaves, has wide applications as
such objects are ubiquitous in both industrial and household
settings. Having a single robotics policy that can generalize
to manipulate diverse articulated objects has long been chal-
lenging due to the large variations in the geometry, shape,
size and articulation types of such objects. Many prior works
have studied the problem of articulated object manipula-
tion [58, 31, 10, 19, 21, 53, 15, 32]. However, few have
demonstrated generalization to manipulating many different
articulated objects in the real world without simplifying as-
sumptions (e.g., using a suction gripper [10]). In this paper, we
aim to learn a generalist articulated object manipulation policy
that can open various kinds of articulated objects in the real
world with commercial robotic manipulators equipped with a
parallel jaw gripper, purely from visual observations, without
assuming access to knowledge of the articulation parameters.

Motivated by a recent trend of success in scaling up robot
learning with large datasets, we aim to learn a universal
articulated object opening policy following this paradigm:
generating thousands of demonstrations in physics-based sim-
ulation, distilling the generated data into a generalizable policy
by imitation learning, and then performing zero-shot sim2real
transfer. This is a paradigm that has been applied in previous
work to learn general policies for different robotics tasks,
such as grasping [12, 45], locomotion [26, 25, 67], assem-
bly [47, 46], and deformable object manipulation [51, 16].

In this paper, we investigate various ways to realize such a
system to learn a generalist policy for articulated object ma-
nipulation. We first build an efficient data generation pipeline
that combines sampling-based grasping, motion planning, and
action primitives. Using the pipeline, we have generated a large
dataset consisting of thousands of (42.3k) demonstrations over
322 articulated objects. We also show that using a hierarchical
policy representation, in which a high-level policy predicts
sub-goal end-effector poses and a low-level policy predicts
delta end-effector transformations, performs much better than
the non-hierarchical version when imitating the generated large
dataset. We also explored various design choices for the policy
representations to study which architecture scales up the best
when learmning with a large number of demonstrations. We
show that a weighted displacement model that leverages the
underlying 3d scene structure can scale and generalize better
than models that do not incorporate such 3D reasoning.

Our final policy, trained with 42.3k trajectories and 322
objects in simulation, can transfer zero-shot to the real world
to open diverse unseen real articulated objects. Furthermore,
although our policy is only trained on a Franka arm in
simulation, we show that it can transfer zero-shot to two
different embodiments in the real world: a table-top Franka
arm, and a mobile-base X-Arm. This is achieved by using the
policy to learn actions in the robotic arm’s end-effector space
instead of the joint space. Our final policy is successfully
deployed in 3 different real-world settings: two table-top

Franka arms in two different labs, and a mobile-base X-Arm
in various real kitchens and lounges. This single policy is able
to open 20 different unseen real-world articulated objects such
as cabinets, drawers, microwaves, ovens, and fridges in these
different test settings, in a zero-shot manner. See Fig. 1 for
a visualization of some of the different real-world articulated
objects that our policy is able to open.
In summary, our contributions are:

o A system that presents a single policy trained on thou-
sands of demonstrations generated in simulation, that can
zero-shot transfer to the real world and generalize to open
various articulated objects with 2 robot embodiments: a
table-top Franka, and a mobile base X-Arm.

« We show that using a hierarchical policy representation is
better than the non-hierarchical version to achieve object-
level generalization.

« We present a weighted displacement policy representation
that scales up well with the number of demonstrations,
outperforming alternative policy representations.

o A large articulated object manipulation simulation dataset
that contains 42.3k demonstration trajectories for 322
articulated objects, and a pipeline for quickly generating
additional demonstrations.

II. RELATED WORK
A. Robot Learning for Articulated Object Manipulation

There is a rich body of prior work studying the problem
of articulated object manipulation [31, 53, 10, 62, 58, 32, 19,
61, 20, 15, 50, 56]. Most of these prior works show major
results in simulation, with limited real-world manipulation
results [31, 53, 62, 58, 19, 61, 20, 50]. In contrast, our
work aims to learn a manipulation policy that can transfer
and generalize to diverse real-world articulated objects. Eisner
et al. [10] shows a number of tests on real-world articulated
objects in a table-top lab setting with a suction gripper to
simplify grasping. Our policy works with the standard parallel
jaw gripper which is more commonly equipped with robotic
manipulators and perform grasping of the handles for opening.
We also show results with a mobile manipulator in real
kitchens and lounges. Gupta et al. [15] proposes a system
that integrates various modules for perception, planning, and
action and shows that it can open various cabinets and drawers
with a mobile manipulator in real kitchens. Our method does
not employ layered modules, instead, we directly learmn a
policy via imitation learning that maps sensory observations
to actions. Our method also generalizes to a more diverse
range of articulated objects such as fridges, microwaves, and
ovens. Xiong et al. [56] builds a mobile base manipulator
for articulated object manipulation and learn object-specific
policies via imitation learning and reinforcement learning di-
rectly in the real world. We learn our manipulation policies by
constructing much larger demonstration datasets in simulation
and performing sim2real transfer, and we learn a single policy
that can generalize to various articulated objects. Some prior
works learn to first predict the articulation parameters and



then use the predicted articulation parameters for manipula-
tion [19, 61, 20]. Our policy directly learns how to manip-
ulate the object without explicitly inferring the articulation
parameters. Another line of work [21, 5, 30, 28] focus on
reconstructing the articulated objects from real-world images
to simulation. Our work focuses on manipulation rather than
real2sim reconstruction. A recent work [32] learns specific
grasps for articulated objects that are useful for downstream
manipulation. Our policy learns not only the grasping, but also
the opening; further, we compare to this prior work and show
significantly improved performance.

B. Sim2real Policy Learning

Learning a policy via simulation training and then trans-
ferring to the real world (sim2real transfer) has been applied
to many different domains in previous work, including legged
locomotion [26, 6, 38], grasping [12, 45, 8], in-hand object re-
orientation [1, 4, 37], catching objects [63], deformable object
manipulation [51, 59], and more [9, 13]. No prior work has
demonstrated the learning of a generalizable policy for articu-
lated object manipulation via sim2real transfer. Many of these
prior works use reinforcement learning and teacher-student
learning to learn the policy in simulation [26, 38, 6, 37, 63, 51].
In contrast, we generate demonstrations in simulation using a
combination of techniques including sampling-based grasping,
motion planning, and action primitives, and learn the policy
via imitation learning. Some recent work [52, 49, 18] attempts
to automate simulation policy learning for many tasks. In
contrast, our work focuses on learning a generalizable policy
for articulated object manipulation.

C. Robotic Foundation Models

Many recent works aim to develop a foundation model for
robotics, where a single model can perform multiple tasks or
generalize to different settings [2, 3, 24, 48, 11, 33, §, 27].
Most of them perform imitation learning with a large set of
demonstrations collected in the real world [2, 3, 24, 48, 11, 33,
27]. Instead, we generate demonstrations and learn the policy
in simulation, and then we perform sim2real transfer to deploy
it in the real world. Most of these works do not focus on tasks
involving articulated objects and do not demonstrate the policy
working for manipulating diverse articulated objects [2, 3, 24,
48, 27, 8], while our paper focuses on building a generalizable
policy specifically for articulated object manipulation. Etukuru
et al. [11] shows the most diverse real-world test settings for
articulated object manipulation among these previous works.
However, they train two different policies for drawer and
cabinet opening. In contrast, we train a single model that can
be applied to opening various categories of articulated objects.
Besides, their system requires a specialized gripper, whereas
our method works for general parallel jaw grippers and transfer
across two different grippers.

III. PROBLEM STATEMENT AND ASSUMPTIONS

The task we are considering is for a robotic arm to open
an articulated object within the category of drawers, cabinets,

ovens, microwaves, dishwashers, and fridges. We assume that
the object should have a graspable handle, so it can be opened
in the fully closed state. We aim to learn a policy 7, that takes
as input a sensory observation and robot proprioception o, and
outputs actions a that opens the articulated object. We assume
the robot arm is equipped with a common parallel jaw gripper
instead of a suction gripper or a floating gripper, which are
often assumed in prior works for simplification [10, 58]. We
also assume access to a pool of articulated object assets to
be used in simulation, as well as annotations to handles (in
simulation only). For effective sim2real transfer, we use point
clouds as the sensory observations. We assume the name of
the target object to manipulate, such that we can run a open-
vocabulary segmentation method, e.g., Grounded SAM [39],
to segment the object and obtain object-only point clouds.

IV. ARTICUBOT

Fig. 2 gives an overview of our system, which consists of
3 stages. The first is large-scale demonstration generation, in
which we combine methods from motion planning, sampling-
based grasping, and action primitives to generate thousands
of demonstrations in simulation. The second is hierarchical
policy learning, in which we perform imitation learning on
the generated demonstrations to distill them into a vision-
based policy. Finally, we deploy our simulation-trained policy
zero-shot to the real world, on two table-top Franka arms in
two different labs and an X-Arm on a mobile base in real
kitchens and lounges, opening real-world cabinets, drawers,
microwaves, fridges, dishwashers, and ovens.

A. Demonstration Generation in Simulation

First we describe our procedure for automatically generat-
ing thousands of demonstrations in simulation. We use the
PartNet-Mobility [55] dataset, which contains hundreds of
articulated objects. Among these, we use the categories of stor-
age furniture, microwave, oven, dishwasher, and fridge. The
majority of the assets in these categories have annotations of
handles; we filter out assets that do not have such annotations,
since the position of the handle is needed for generating the
demonstrations.

The process of opening an articulated object can be decom-
posed into two substeps: grasping the handle, and then opening
it along the articulation axis. Our demonstration generation
pipeline follows these two substeps as well (see Fig. 2 top left
for an illustration of the process): we first perform sampling-
based grasping to generate hundreds of end-effector grasping
poses on the handle. For each generated grasp, we approach
the grasping pose using collision-free motion planning. After
performing the grasp, since we have the ground-truth articu-
lation information of the object in simulation, we move the
end-effector along the articulation axis for a fixed distance to
open it. We detail each of these three steps below.
Simulation Initialization: We use a Franka arm in simulation
for generating the demonstrations. The base of the Franka Arm
is initialized at the world origin. We randomize the position,
orientation, and size of the object, as well as the initial joint
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Fig. 2: System overview of ArticuBot. Top: We combine sampling-based grasping, motion planning, and opening actions to
efficiently generate thousands of demonstrations in simulation. These demonstrations are distilled into a hierarchical policy via
imitation learning, and then zero-shot transferred to real world. Middle: We propose a weighted displacement model for the
high-level policy, which predicts the sub-goal end-effector pose. The weighted displacement model predicts the displacement
from each point in the point cloud observation to the sub-goal end-effector, as well as a weight for each point. The final
prediction is the weighted average of each point’s prediction. Bottom: We propose a goal-conditioned 3D diffusion policy
for the low-level policy, which first applies attention between the current end-effector points, the scene points, and the goal
end-effector points to obtain a latent embedding, and then performs diffusion on the latent embedding to generate the action,

which is the delta transformation of the robot end-effector.

angle of the Franka Arm, to increase diversity in the generated
demonstrations. The detailed parameters for the randomization
can be found in Appendix D.

Sampling Based Grasping: Given an articulated object from
PartNet-Mobility and a link (i.e., a door) we want to open,
we first obtain a point cloud of the link’s handle using
the annotations from the dataset. We perform farthest point
sampling on the handle point cloud to get m; = 15 candidate
grasping positions. For each grasping position, to generate the
grasping orientation, we align the z-axis of the robot end-
effector (which is the direction that points from the root of the
hand to the finger) with the normal direction of that handle
point. We set the y direction of the end-effector (which is
the direction along which the finger opens and closes) to be
horizontal if the handle is vertical (i.e., its height is larger than
its width), and vice versa. We also sample ms = 8 random

small angle perturbations (< 30°) about the y axis to increase
the diversity of our grasp pose candidates. This generates in
total m; X ms = 120 grasping pose candidates. See Fig. 2
(top left) for an illustration of the sampled grasps.

Motion Planning for reaching the grasping pose: For each
of the grasp candidates, we first use inverse kinematics (IK)
to compute a target joint configuration of the robot arm. We
solve the IK for ms = 80 times and filter out solutions that
have collisions between the robot arm and the environment
(e.g. collisions with the floor or the target object). Among the
collision-free solutions, we choose the one solution that has
the shortest distance in the joint angle space to the current
joint configuration, so as to minimize the distance of the
path needed to reach the target joint configuration. We then
run three different motion planning algorithms, RRT* [22],
BIT* [14] and ABIT* [43], to generate the path to reach the



target configuration. We smooth the resulting path from each
algorithm by shortcutting unnecessary waypoints and using B-
spline smoothing [17]. We keep the path that has the shortest
length in terms of the total end-effector movement. See Fig. 2
(top left) for a visualization of the motion planned path.
Generating Opening Actions: Next, we generate demonstra-
tions in simulation of the robot executing the opening action.
After the grasping pose is reached via motion planning, we
close the gripper to form a grasp. Using the ground-truth
articulation information of the object, we can compute an
idealized end-effector trajectory that opens the object perfectly.
Formally, let T;Z;t represent the end-effector’s pose after it
grasps the handle, and let Ty, (#) represent the pose of the
door at joint angle 6. We compute the idealized trajectory
based on the fact that the relative pose between the robot
end-effector and the door should remain unchanged during
the trajectory of opening the door, i.e., Tre; = Td;})r(H)Tee ¥
should be a constant for any joint angle §. Assume the door is
at joint angle 6,,,; when the robot grasps it, then the pose of
the robot end-effector when the door is opened at joint angle
0 can be computed as: Tees = Tioor ()T, (Hmit)Teig;t. We
can then compute a trajectory for the end-effector pose that
opens the object with increasing values of 0, e.g., from 0°
to 90° with an interval of 1°. IK is then performed for the
end-effector to reach each of the computed poses along the
trajectory to open the object.

Filtering: Some of the trajectories will fail to fully open
the door due to various reasons such as: no collision-free
joint angles can be found at the sampled grasping pose,
motion planning failed to find a collision-free path to reach
the grasping pose, the grasping pose does not result in a firm
grasp of the handle, or the end-effector slips off the handle
partway during opening. We filter out all trajectories where the
final opened angle (radians for hinge doors and centimeters
for drawers) is smaller than a threshold, e.g., if the door is
opened less than 60 degrees. From the remaining successful
trajectories, we choose the single best trajectory according to
the following two metrics: 1) the stability of the grasp, which
is approximately measured as the number of handle points that
are between the end-effector fingertips, and 2) the length of
the motion planned trajectory (in the end-effector space) to
reach the grasping pose. Each trajectory is first ranked using
these two metrics, and the final rank is the sum of the two
individual ranks. The trajectory with the highest rank is kept
as the final best trajectory for opening the door.

By employing the above data generation pipeline, and exe-
cuting each of the my X ms trials in parallel, we can generate
optimal trajectories for opening an articulated object. Using a
CPU with 128 virtual cores, one optimal opening trajectory
can be generated within 2 minutes. Using this approach, we
have generated 42.3k successful opening trajectories for 322
objects in PartNet-Mobility.

B. Policy Learning with a Hierarchical Policy Representation

We now describe how we distill the above generated trajec-
tories into a vision-based neural policy via imitation learning.

Formally, the above approach gives us a set of generated
demonstrations {Ti}f\il, where each trajectory 7; is a list of
observation-action pairs: 7; = {(0},a}),..., (0}, a})}. The
observations include point clouds of the scene and the robot
proprioception (end-effector pose and finger open/close). We
perform segmentation on the scene point cloud to remove the
background and leave only the target object. In simulation, this
can be achieved using the ground-truth segmentation masks
provided by the simulator; in the real world, we use an
open-vocabulary object segmentation model, e.g., Grounded
SAM [39]. See Fig. 2 (middle) for an example object point
cloud in simulation. The actions represent the delta transforma-
tion of the end-effector, which includes the delta translations,
delta orientations, and delta finger movement. We use the
robot base frame as our reference frame, i.e., all point cloud
observations, and robot actions, are expressed in the robot base
frame.

Our goal is to find a neural network policy 7, parameterized
by 6, to minimize the following imitation learning loss:

N T
Lo =" llme(or) — atll3 )
i=1 t=1

The goal for the policy is to be able to generalize to
open various kinds of different objects, which possess diverse
geometries, shapes, and articulation types. We hypothesize
that, to achieve object-level generalization in such a case, it
is inefficient to just learn to predict actions as the low-level
delta transformations of the end-effector. Instead, we propose
to use a hierarchical policy representation, which consists of
a high-level policy and a low-level policy. The high-level
policy will learn to predict the sub-goal end-effector poses,
e.g. intermediate waypoints of where the gripper should be
at various key frames in the trajectory. The low-level policy
still learns to predict the low-level delta transformations of the
end-effector at each timestep, but it is additionally conditioned
on the high-level prediction of the sub-goal end-effector pose,
which helps the low-level policy to better generalize across
diverse objects. We now detail how each of the policies work.
High-Level Policy. Intuitively, the high-level policy aims to
predict “where” the robot should move to. Specifically, the
high-level policy w(g{ learns to predict the sub-goal end-effector
pose given an observation. The sub-goal end-effector pose is
defined as the pose of the robot end-effector at the end of
each substep for a given task. In our case, the task of opening
an articulated object (e.g., a cabinet) can be decomposed into
two substeps: grasping the handle and opening the door. Thus
for this task, the sub-goal end-effector poses are the poses
where the robot has grasped the handle, and when it has fully
opened the door. Formally, the high-level policy 7} is learned

via minimizing the following loss:

N T
Lo =" |Ims (0f) = tpose, I3 @

i=1 t=1
where aZOSBt is the sub-goal end-effector pose at timestep ¢,
which is represented as its 3D position, orientation, and the

gripper finger opened width.



We propose a new representation for the high-level policy,
termed the weighted displacement model. Existing 3D neural
policies, e.g., Perceiver-Actor [41], or 3D Diffuser Actor [23],
often generate the sub-goal end-effector pose in free SE(3)
space. Instead, we aim to predict the sub-goal end-effector
pose by grounding the prediction on the observed 3D structure
of the scene. To do so, we design the policy to learn to predict
the “offset” from observed points in the scene to the sub-goal
end-effector pose. This learned offset thus closely grounds
the prediction in the observed 3D scene structure. See Fig. 2
(middle) for an overview of the weighted displacement model.

Specifically, instead of representing the sub-goal end-
effector pose as a position and an SO(3) orientation (e.g.,
a quaternion or a 6D orientation representation [65]) and
forcing the network to learn the connection between SO(3)
orientations and the 3D point cloud observation, we propose
to represent the sub-goal end-effector pose as a collection of
K points that are naturally in 3D. In our case, we use K = 4:
the first point is located at the root of the robot hand, the
second and third points at the parallel jaw gripper fingers, and
the fourth point at the grasping center when the finger closes.

In this way, a sub-goal end-effector pose can be represented
as {ee;}}_,, where ee; is the 3D position of the i*” point.
Given a point cloud of the scene with M points P = {p; }]J\i 1
and the current robot end effector points {ee?®}1% |, we
propose to let the policy 7r learn to predict the displacement

from each point p; in the scene point cloud to the sub-goal

epd -effector points {ee** 14 : §; = [6},67,82,87], where
8% = €9 — p;. At inference time, the final predicted sub-

goal end-effector pose is the averaged prediction from all
points in the scene: ee; (0) = ij\il(pj +6%(0)). This proposed
model converts the prediction of the end-effector pose from
SE(3), especially SO(3), to a list of vectors just in the 3D
space, which is less complex. We note this per-point prediction
requires us to use a network architecture that can generate
per-point outputs given a point cloud input. Many point cloud
processing networks can do so [35, 36, 64]; we choose to
use PointNet++ [36] in our case. As the model predicts
the displacement from existing points in the scene instead
of the absolute positions, and PointNet++ is a translation-
invariant architecture, our proposed model is thus invariant to
the translation of the robot end-effector and the object, which
makes it more robust in real-world settings.

However, not all points in the scene are of equal importance
for the task and for predicting the sub-goal end-effector pose.
In the task of opening an articulated object (e.g., a cabinet), the
points on the handle are probably more important compared to
the points on the side of the cabinet. Therefore, we propose for
the network to also learn a weight for each point in the scene
point cloud when predicting the sub-goal end-effector pose.
Formally, in addition to predicting the per point displacement
d;, the network also predicts a weight w; for each point p;. At
inference time, the final prediction of the sub-goal end-effector
points is then the weighted average of the displacement from
each point: ee; (#) = Zj\il w;(0)(p; + 65(0)),i = 1,2,3,4.

We term this high-level policy representation the weighted
displacement model. We train it with the following two losses,
which supervises the per-point displacement prediction, and
the weighted average prediction:

|I2+A2—leeeg"‘” ee;(0)|13
1=1
(3)

M
ee;(8) = ij(ﬂ)(pj + 5;(9)) €Y

Low-level Policy. The low-level policy 7r0 learns to predict the
delta transformation of the end-effector, given the observation
o and the sub-goal end-effector pose {eegoal 4., ie., “how”
to actually move the end-effector to solve the task. It is learned

to minimize the following loss:

Z Z 175 (o1, {eef** Yemr}) — al 3, (5)

i=1 t=1
where a! is the delta transformation of the end-effector,
including the delta translation, delta rotation, and delta finger
movement (open/close). We represent the delta rotation using
the 6D rotation representation [65]. We note that the low-level
policy is not trained to reach the sub-goal end-effector pose; it
is trained to solve the task, and the sub-goal end-effector pose
is just an additional input that helps guide the low-level policy
to learn how to move. Given that part of the demonstration
trajectories are generated from a motion planner, which can be
highly multi-modal, we employ a diffusion policy as the low-
level policy representation, which is known for their ability to
handle multi-modalities.

Specifically, we modify 3D Diffusion Policy (DP3) [60]
such that it can be conditioned on the sub-goal end-effector
pose. See Fig. 2 (bottom) for an overview of the low-level
policy architecture. As in DP3, the network has two parts: a
point cloud encoder that encodes the point cloud observation
into a latent embedding, and a diffusion head on the latent
embedding that generates the actions. We modify the encoder
architecture to incorporate the sub-goal end-effector pose.

Formally, given the current scene point cloud observation

P ={p, };‘4 1- the current end-effector pose represented with 4

points {ee?s}4_ | the sub-goal end-effector pose {ee/**}4_,,

we treat each point as a token and perform attention among
them to generate the final latent embedding. For the scene
point clond P = {p; }] 1» we use an MLP applied to each
point in the point cloud to obtain a per-point feature { f; 1M J=1
which will be used as the features for cross attention later.
For the current end-effector points {ee?**}} ., its feature for
attention includes the following: the first part is a learnable
embedding v?% for each of the 4 points. The second part is
a feature vector produced by an MLP, where the input to the
MLP includes each point’s position ee?®®, the displacement to
the corresponding point in the sub-goal end-effector pose §; =

€9 —eeobs and the displacement to the closest scene point:



‘ 10 objs 50 objs 100 objs 200 objs 322 objs
With 1116 4656 8749 17893 22918
camera randomization 121k 502k 958k 1.97M 2.55M
Without 750 3669 6444 11795 15998
camera randomization 80k 403k 702k 1.28M 1.76M

TABLE I: Dataset Statistics. Top: # of trajectories. Bottom:
total # of observation-action pairs in the trajectories.

8; = pr — eef®, k = argmin; ||p; — ee?®||. The final feature
vector for each point is fo* = [v;, MLP%*(eef®s §;,57)].
Intuitively, the displacement to the corresponding sub-goal
points help the model to learn how to reach towards the goal;
and the displacement to the closest scene points help the model
to learn to avoid collision.

We then perform cross attention between the scene point
cloud and the current end-effector points with Rotary Posi-
tion Embedding (RoPE) [44], which generates the updated
features for current end-effector points as {fobsscene}t
We generate the features for the goal end-effector points
in the same way as for the current end-effector points:
Joeat = [pgo% MLP9° (ee9°™ 5,,61)]. We perform cross
attention between the current end-effector points and the goal
end-effector points, also with Rotary Position Embedding
(RoPE) [44], which produces another set of updated features
for the current end-effector points {f**5'}4 . The final
latent embedding used for diffusion is the concatenation of the
above two features: [fobsscene pobsgoal - gobsscene - pobs-goal)
This latent embedding is used as the conditioning for an
action generation UNet diffusion head, which takes as input
this latent conditioning, the robot state (which includes the
3D position, 6D orientation of the end-effector, and finger
width), a noisy version of the action, a denoising time step,
and predicts the noise. At test time, we use DDIM [42] as the
denoising scheduler to generate the actions.

C. Zero-shot Transfer to Real Robotic Systems

After the high-level and low-level policies are trained in
simulation, we transfer them zero-shot to real-world robotic
systems. During inference, at each time step, given the current
point cloud observation and end-effector pose, we first run
the high-level policy to obtain a predicted goal end-effector
pose, and then run the low-level policy with the point cloud
observation, current end-effector pose, and the predicted goal
end-effector pose to move the end-effector. We repeat this
process until the object is fully opened, or a pre-defined
episode length is reached, or the robot is going to collide with
the environment. We discuss the details of our robot systems
and real-world pipeline in Sec. VL.

V. SIMULATION RESULTS
A. Experiment Setups

We use Pybullet [7] as the underlying physics simulator;
any simulator that supports rigid-body dynamics and fast
parallelization can be used. We use the PartNet-Mobility [55]
dataset for the assets of the articulated object. We extracted
332 objects from 5 different categories: storage furniture,
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Fig. 3: Comparison of hierarchical and non-hierarchical poli-
cies.
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microwave, dishwashers, oven, and fridge, which have annota-
tions for handles. Among these, 322 are used for training and
10 unseen objects are used for testing. For each object, we
generate 75 demonstrations for opening it. Each demonstration
has a different configuration, where we vary the position,
orientation, size of the object, and the initial pose of the end-
effector (randomization details in Appendix D).

In order to study the object-level generalization abilities of
different methods, we first generated 15,998 demonstration
trajectories with 1.76M observation-action pairs for these 322
training objects, without any camera randomizations when
rendering the point clouds. For efficient sim2real transfer, we
generate additional demonstrations with camera pose random-
izations. The datasets with camera randomizations has in total
22918 trajectories and 2.55M observation-action pairs. We
partition both types of datasets into different sets, in which
we vary the number of objects in each of these sets (objects
and trajectories are randomly sampled) to study the scaling
behavior of different methods. The detailed statistics of the
partitioned datasets can be found in Table 1.

For evaluation, we test each of the 10 objects with 25
different configurations, resulting in a total of 250 test sce-
narios. The evaluation metric is the normalized opening
performance: the ratio of the increase in the opened joint
angle of the object achieved by a method, to the increase
in the opened joint angle of the object in the demonstration,
which is calculated as %, where 6y is the initial opened
angle, 0y is the final opened angle achieved by the method
and Bg4.mo 1S the final opened angle in the demonstration. A
value of 1 indicates that the method performs as well as the
demonstration, while 0 means the method has not contributed
to opening the object. For each method, we run the evaluation
3 times (a total of 750 trials) and report the mean and standard
deviation of the normalized opening performances of the 3
runs. In the following, we compare to different baselines and
prior methods to answer different research questions.

B. Is a Hierarchical Policy Needed?

Our first set of experiments aims to answer whether it
is beneficial to use a hierarchical policy. We compare our
proposed hierarchical policy with the following two non-
hierarchical baselines:

« 3D Diffusion Policy (DP3) [60], a diffusion policy that






























