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ABSTRACT

Articulated object manipulation is a critical capability for robots to perform various
tasks in real-world scenarios. Composed of multiple parts connected by joints, ar-
ticulated objects are endowed with diverse functional mechanisms through complex
relative motions. For example, a safe consists of a door, a handle, and a lock, where
the door can only be opened when the latch is unlocked. The internal structure, such
as the state of a lock or joint angle constraints, cannot be directly observed from
visual observation. Consequently, successful manipulation of these objects requires
adaptive adjustment based on trial and error rather than a one-time visual inference.
However, previous datasets and simulation environments for articulated objects
have primarily focused on simple manipulation mechanisms where the complete
manipulation process can be inferred from the object’s appearance. To enhance
the diversity and complexity of adaptive manipulation mechanisms, we build a
novel articulated object manipulation environment and equip it with 9 categories
of objects. Based on the environment and objects, we further propose an adaptive
demonstration collection and 3D visual diffusion-based imitation learning pipeline
that learns the adaptive manipulation policy. The effectiveness of our designs and
proposed method is validated through both simulation and real-world experiments.
Our project page is available at: https://adamanip.github.io

1 INTRODUCTION

Among the various categories of objects in our daily life, articulated objects are highly significant as
they are common in our surroundings (such as cabinets, doors, and laptops) and their components are
complex, featuring rich and diverse geometries, semantics, articulations, and functions. Therefore,
learning articulated object representation (Du et al., 2023} Wei et al., 2022 [Heppert et al., 2023} |Lei
et al.| 2024) and manipulation (Xu et al.| [2022; Wu et al.| 2022} are essential while challenging for
future robots in home-assistant tasks.

Among articulated object manipulation tasks, door manipulation (Urakami et al.l|2019) is first and
most thoroughly studied, as doors are most common and useful in our daily lives. Afterwards, with
the release of diverse articulated object manipulation datasets and environments (Mo et al., [2019;
Xiang et al.,[2020; [Liu et al.l 2022; |Geng et al.l [2023b)), various manipulation tasks (like opening,
sliding, rotating, and further language-guided manipulation) on many categories of articulated objects
(such as pots, lamps, and cabinets) have been studied.

While previous covered various aspects of articulated object manipulation, one of the most essential
features of articulated objects, the mechanisms of different parts and articulations for accomplishing
the final manipulation goal, has yet to be explored. For example, a safe can be directly opened by
pulling the door in previous environments, while in the real world, the robot may have to first turn
the key to unlock the latch, and then pull open the door. While UniDoorManip (L1 et al.l |2024b)
proposes an environment with the corresponding dataset that can simulate the mechanisms of doors,
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Figure 1: Example comparison betwestatic and Adaptive Policies The safe can be directly
opened if unlocked; otherwise, the key must be turned to unlock the latch before opening the door.
However, it is impossible to gure out the lock state from pure visual observatitagic Policy: The
demonstrations for training the static policy are optimal trajectories under full observation, including
both locked and unlocked states. Consequently, the learned policy is a bimodal distribution based on
visual observation alone. If the robot samples the "unlocked trajectory" and fails to open the locked
door, it will be out of distribution Adaptive Policy: The demonstrations for training the adaptive
policy include recovery from the failed door opening. Therefore, the policy learns to rst pull the
door to check the lock state and updates the policy distribution accordingly based on the feedback.

the mechanisms of various types of articulated objects could be much more diverse and complicated.
Therefore, we build an environment that can simulate the above-described complex mechanisms of
articulated object manipulation, equipping this environment with 9 categories of different objects
covering 5 types of adaptive mechanisms (details described in Seftion 3).

The different mechanisms of articulated objects call for two core capabilities of the policy: (1) multi-
modal action proposal and (2) adaptive manipulation from history actions. For an observed object,
the manipulation policy may contain multiple modes, including different manipulation trajectories.
For example, when observing the safe with its door closed (Bottom-Left in Higure 1), to achieve
the goal of opening the door, the policy could be either directly pulling the door (when the door is
unlocked) or turning the key and then pulling the door (when the door is locked), and the method
should be able to model these modalities from the same visual observation.

Furthermore, to identify and execute the accurate action from the multi-modal manipulation action
candidates, it is necessary to adapt the manipulation policy based on previous actions and their
corresponding outcomes. For example, when pulling the door results in no movement, the Adaptive
policy should adapt from proposing multi-modal actions (either pulling the door or turning the key)
to single-modal action (turning the key) (Bottom-Right in Figufe 1).

To support multi-modal action proposals, we take advantage of the designs of diffusion [policy (Chi
et al|,[ 2023) and its following studies (Ze et al., 2024; Yan éf al., 2024; Tie| ét al.| 2025), which
have demonstrated modeling multi-modal distributions from only a few successful demonstrations.
To empower the policy with adaptive manipulation abilities, while previous studies only collect
optimal success trajectories (without any failures during the manipulation) for training, we introduce
trajectories including failure actions and the recovery and adaptation actions from failures for
training, as the failure actions help in revealing the accurate mechanisms and manipulation policy.
Figure 1 showcases the superiority of our proposed adaptive policy learning method. The pure
visual observation could not tell whether the door was locked or not. The static policy that only
takes the passive one-frame visual input will randomly propose one of the multi-modal trajectory
candidates. On the contrary, the adaptive policy will rst try pulling the door, and then adapt the
policy distribution from multi-modal to single-model accordingly, as its training data include the
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failure of a direct pulling trial on the locked safe door, and then adaptively turning the key to open the
safe after the failure successfully.

Based on our proposed novel environment, we have conducted extensive experiments on 9 categories
of 277 different objects, covering 5 types of mechanisms, showcasing the necessity of the proposed
environment and dataset, and the effectiveness of the proposed policy learning framework in ef ciently
and intelligently adapting the manipulation.

In summary, our contributions include:

« We study the novel problem of adaptively manipulating articulated objects with diverse
mechanisms and build an environment with various categories of objects and mechanisms.

» We propose a novel framework that learns the adaptive manipulation policy for various
mechanisms from diverse demonstrations.

» Extensive experiments have demonstrated the signi cance of our proposed environment,
and the effectiveness of the proposed adaptive policy learning framework.

2 REeLATED WORK

2.1 ARTICULATED OBJECTENVIRONMENTS AND DATASETS

To facilitate the study of representation and manipulation of diverse and complex articulated ob-
jects, DoorGym (Urakami et al., 2019), a door manipulation environment is rst introduced with
diverse doors. UniDoorManip (Li et al., 2024b) further empowers door environments with different
mechanisms. PartNet-Mobility dataset rst introduces multiple categories of articulated objects from
PartNet (Mo et al., 2019; Chang et al., 2015), integrated with the sapien environment (Xiang et al.,
2020; Mu et al., 2021; Gu et al., 2023) to support various articulated object manipulation tasks.
Further, GAPartNet (Geng et al., 2023b) provides ne-grained part annotations, AKB-48 (Liu et al.,
2022) provides real-world articulated object models, and Arnold (Gong et al., 2023) provides the
environment for language-guided manipulation.

2.2 ARTICULATED OBJECT MANIPULATION

There have been a series of studies studying articulated object manipulation. Where2Act (Mo et al.,
2021) rst studies the point-level affordance for short-term manipulation, with affordance-based (Wu
et al., 2022), ow-based (Eisner et al., 2022; Zhang et al., 2023), part-based (Geng et al., 2023a) and
rl-based (Geng et al., 2023c) methods study the long-horizon manipulation. Environment-Aware
Affordance (Wu et al., 2023a; Li et al., 2024a) further studies the manipulation with environment
constraints. Where2Explore (Ning et al., 2023) and AdaAfford (Wang et al., 2022) study converting
passive visual priors to manipulation posteriors using the few-shot interactions, which tackle the
problem of exploring novel articulated object categories with novel geometries and parts, and
manipulation on ambiguous kinematics and dynamics. Besides, coarse-to- ne method (Ling et al.,
2024) studies the sim2real framework for real-world manipulation, and language-guided methods (Xu
et al., 2024; Gong et al., 2023) explore the manipulation with language guidance. While these works
mainly investigated the manipulation with simple mechanisms (such as directly opening a door or
safe), in our work, we further study the policy for manipulating articulated objects with diverse and
complex mechanisms, with a novel proposed environment supporting such objects.

3 ADAPTIVE MANIPULATION ENVIRONMENT

Previous datasets and simulation environments for articulated objects often lack diversity and realistic
manipulation mechanisms (Urakami et al., 2019; Li et al., 2024b; Geng et al., 2023b; Xiang et al.,
2020; Geng et al., 2023a). To address this issue, we developed a new environment to better explore
complex mechanisms in articulated object manipulation and learn adaptive manipulation policies.
Based on IsaacGym (Makoviychuk et al., 2021), this environment simulates these mechanisms and
includes 9 categories of objects (Section 3.1) with 5 types of adaptive mechanisms (Section 3.2).

3.1 ARTICULATED OBJECTDATASET

In recent years, several works have proposed datasets for articulated object manipulation. PartNet-
Mobility (Xiang et al., 2020) and AKB-48 (Liu et al., 2022) offer diverse datasets for articulated
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Table 1: Statistics of our adaptive articulated object dataset, including 9 categories of 277 different
instancesCM. PC. respectively denote Coffee Maker and Pressure Cooker.

Category Bottle Pen CM. Window Door Lamp Microwave Safe PC.
Instance 32 36 18 30 57 25 37 36 6

Table 2: Adaptive manipulation mechanism comparison between our environment and others.
Environment  Lock Clockwise Rotate&Slide Push/Rotate Switch Contact

GAPartNet 7 7 7 7 7
PartManip 3 7 7 7 7
DoorGym 3 7 7 7 7
UniDoorManip 3 3 7 7 7
Ours 3 3 3 3 3

objects but focus on cross-category geometry diversity, neglecting the mechanisms of different parts
and articulations needed to achieve the nal manipulation goal. For instance, PartNet-Mobility
includes the safe category, but the door can be directly opened without rotating the knob to unlock
the latch. GAPartNet (Geng et al., 2023b) provides ne-grained part annotations but still fails
to model complex manipulation mechanisms. DoorGym (Urakami et al., 2019) claims a large-
scale, scalable dataset speci cally for door manipulation, considering the latch mechanism of doors.
UniDoorManip (Li et al., 2024b) enriches the diversity of door geometry by composing instances.
However, both DoorGym and UniDoorManip are limited to door manipulation and do not cover more
diverse and long-term mechanisms.

To investigate real-world articulated object manipulation, we introduce a new dataset that encom-
passes more realistic adaptive manipulation mechanisms. Our dataset includes 9 categories of 277
objects: Bottle, Pen, Coffee Maker, Window, Pressure Cooker Lamp, Door, Safe andMi-

crowave Table 1 provides detailed statistics of our dataset, and Figure 2 visualizes instances of each
category. The object assets in our dataset are handcrafted from materials primarily obtained from 3D
Warehouse (Trimble). More details can be found in Appendix B.

3.2 ADAPTIVE MANIPULATION MECHANISM

Most existing articulated object environments focus primarily on geometric diversity across different
categories of objects. While these objects may contain multiple parts, manipulating one part typically
does not impact other parts' state or joint limits, resulting in simpli ed manipulation mechanisms.
Common actions in these environments include pushing or pulling a part, such as opening a drawer
or pressing a button, which can be deduced purely from visual observation. However, real-world
manipulation often depends on internal joint states that are not visible externally, necessitating
adaptive manipulation policies based on feedback.

To better simulate real-world articulated object manipulation as well as corresponding mechanisms,
we have identi ed ve adaptive mechanisms that enhance the delity of our environment:

Lock Mechanism: Common in everyday objects like doors or safes, the lock mechanism requires an
initial action such as rotating a key or knob or pressing a button to unlock the object before it can
be opened. This mechanism tracks the key part's joint state during manipulation and updates the
lock state accordingly. If the lock state transitions to "unlock", the door joint limit is lifted to allow
opening; otherwise, the door remains locked. Since the lock state cannot be inferred visually, the
robot must interact with the object to determine the lock state and adapt its policy accordingly.

Random Rotation Direction: When rotating a knob, cap, or handle, the directiom, (clockwise

or counterclockwise) is determined by the internal revolute joint limit. Our environment randomly
assigns the rotation direction upon initialization, preventing visual inference of the direction. The
robot must attempt one direction and switch if unsuccessful.

Rotate & Slide Mechanism This mechanism requires a part to be rotated to a speci ¢ angle before
it can be lifted or pulled out, such as lifting the lid of a pressure cooker. The required rotation angle is
not visually discernible, necessitating the robot to rotate the part incrementally and attempt to slide it
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Figure 2: Adaptive manipulation dataset and environments. Bottle and Pressure Cooker feature the
Rotate & Slide mechanism, requiring continued rotation after a failed lift. The window includes the
Lock andRandom Rotation Direction mechanisms, necessitating exploration of the correct rotation
direction to unlock the latch. Microwave incorporates tthiek andSwitch Contact mechanisms,

where the robot must rst pull the handle to check the lock state and press the button if locked.

to determine if the correct angle is reached. We randomize the revolute joint limit and initially set the
prismatic joint limit to zero, lifting it once the correct angle is achieved.

Push/Rotate Mechanism Due to the similar appearance of buttons and knobs, it is unclear whether
the part should be pushed or rotated. For example, a lamp might be turned on by pushing a button in
some instances and rotating a knob in others. Our environment includes both revolute and prismatic
joints for the same part in the URDF le and randomly determines whether the part should be pushed
or rotated, adjusting the joint limit accordingly.

Switch Contact Mechanism Based on the lock mechanism, this requires the robot to manipulate
different key parts, such as a handle and a knob, if they are separate. For instance, in a safe, the robot
must switch contact points during manipulation due to the lock state ambiguity, preventing it from
determining the sequence of contact points at the outset.

Table 2 compares the richness and diversity of mechanisms between our environment and others. We
visualize the adaptive manipulation mechanisms in Figure 2 and Figure 4. More details can be found
in Appendix C.2 and D.

4 METHOD

As illustrated in Figure 3, we propose a novel framework that learns an adaptive manipulation policy
for various mechanisms from collected adaptive demonstrations. To achieve this, we leverage the
annotated part poses in our dataset to generate expert manipulation trajectories in the environments,
considering invisible internal states to ensure the trajectories are adaptive. Next, to model the expert
trajectory distribution with high multi-modality, we employ 3D visual diffusion-based imitation
learning (Ze et al., 2024; Chi et al., 2023), which learns the gradient of the action score function to
generate actions.

4.1 ADAPTIVE DEMONSTRATION COLLECTION

Our goal is to generate adaptive demonstrations that are optimal under partial observation. For
instance, when opening a microwave, the expert adaptive policy initially pulls the handle to check the
lock state. If the latch is locked, the policy will push the button before opening the door. If the latch
is not locked, the policy continues pulling the handle to open the door. In contrast, a static policy
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Figure 3: Adaptive demonstration collection Given the uncertain lock state of a microwave, we
instruct the robot to rst pull the door to check if it is locked, and then follow two different trajectories
based on the resulDiffusion-based 3D adaptive manipulation policy Conditioning on the history

of 3D visual features, proprioceptions, and actions, the policy denoises Gaussian noise into the
trajectory distribution. Initially, the policy captures the bimodal distribution in the demonstration
based on the initial observation. As the observed lock state is determined, the policy distribution
adaptively shifts to an unimodal distribution.

with full observation would know the lock state in advance and could directly open the door or push
the button without rst trying to pull the handle.

We design rule-based expert adaptive policies to gather adaptive demonstrations in our simulation
environments. We start by computing the bounding box of the part mesh and annotating the part
pose through an interactive script. Using these annotations, we label the sequences of parts and
manipulation actions for each category, ensuring optimal trajectories under partial observation. For
example, the manipulation sequence for a locked safe is grasping the handle, pulling the door,
grasping the knob, rotating the knob, grasping the handle, and opening the door. Note that the
recorded trajectories aend effector posesnstead of the high-level action labels. More details are
provided in Appendix C. With these policies, we collect adaptive demonstrations of robot motion
trajectories for all 9 categories of objects.

4.2 3D DFFUSION-BASED ADAPTIVE POLICY LEARNING

Given the collected demonstration dataBet f(o;a;)g, we aim to learn a policy that models

the conditional distributiorP(Atht;At). HereA; refers to the predicted action sequerge=
(ar; a4+ 7, ), WhereT, is the action horizonO; refers to the observation history, including 3D

point clouds and proprioception stat€}, = (o 7,;:::; 0), whereT, is the history horizonA;

refers to action histon&; = (a, 1, 1;:5a 1).

However, conducting imitation learning d is challenging due to its multi-modal nature: The
ambiguity of the internal states of articulated objects results in multiple successful manipulation
trajectories under the same visual observation. Thanks to recent progress in diffusion-based meth-

ods (Chi et al., 2023; Ze et al., 2024; Ke et al., 2024), we can better t the multi-modal distribution
by learning the action score function.

Following the Diffusion Policy (Chi et al., 2023), we utilize DDPM (Ho et al., 2020) to estimate the
conditional distributiorP(Atht;At). The DDPM scheduler perfornt§ iterations of denoising
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