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Abstract

Diverse and Scalable Skill Acquisition for Robot Manipulation

Zhenjia Xu

The acquisition of capable robot manipulation skills is a critical prerequisite for the widespread

deployment of robots in real-world environments, from household tasks to industrial applications.

However, current robot manipulation systems remain limited in their ability to handle the diversity

of objects, materials, and manipulation actions required in the real world. Data-driven methods

have shown impressive results toward generalizing across a variety of problems, but existing ap-

proaches often require costly data collection using real robot platforms, hindering the scalability

of skill acquisition.

In this dissertation, we aim to push the limits of robotic manipulation task diversity by provid-

ing mechanisms to acquire new skills in a scalable manner. Achieving the "right" data with large

quantity and high quality is of vital importance. We approach this problem by leveraging physics

simulators. Different from commonly used rigid body simulators, we have customized simulators

to support deformable objects with diverse materials and dynamics. Aerodynamics and fracture

effects are also included to enable a wider range of manipulation actions such as blowing and cut-

ting. With sophisticated system design, including proper representation selection and customized

hardware design, the policies trained in simulation can be seamlessly applied to real robots.

More specifically, this dissertation presents a series of works to address the challenges of diver-

sity and scalability in robot manipulation skill acquisition. First, we introduce UMPNet, a universal

policy network that can infer closed-loop action sequences for manipulating a wide range of ar-

ticulated objects using only visual input. Second, we present DextAIRity, a system that leverages

active airflow to enable safe and effective deformable object manipulation, expanding the reper-

toire of skills beyond traditional contact-based methods. Third, we describe RoboNinja, a cutting

system for multi-material objects. With an interactive state estimator and an adaptive cutting pol-

icy, RoboNinja successfully removes the soft part of an object while preserving the rigid core.
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Chapter 1: Introduction

The prospect of domestic robots entering thousands of households raises exciting possibilities

for how they could assist with a wide range of everyday tasks. From cooking and dishwashing to

table wiping, cloth folding, and bed making, the diversity of household chores that robots would

need to handle is vast. Furthermore, for these robots to be truly reliable, they must be able to seam-

lessly adapt to the varying environments and object con�gurations encountered in homes across

the world. This requires the development of manipulation capabilities that can generalize beyond

narrow, constrained settings through large-scale data collection and policy training. Increasing the

diversity of robot manipulation skills and achieving thescalability necessary for real-world de-

ployment is a critical prerequisite for realizing the vision of ubiquitous robotic assistance in the

home and beyond.

There are several challenges that must be overcome to enable diverse and scalable robot ma-

nipulation capabilities.

Hard to Represent. Diverse manipulation skill acquisition requires dealing with �exible ob-

jects of varying complexity. Articulated objects consist of kinematic chains with multiple degrees

of freedom, while deformable objects exhibit nearly in�nite degrees of freedom. Unlike rigid ob-

jects, whose state can be represented compactly in SE(3) space, these �exible objects do not have

a uni�ed representation that can accurately model their state. Capturing the rich dynamics and

ever-changing con�gurations of such objects poses a signi�cant representing challenge.

Hard to Manipulate. The high degrees of freedom exhibited by articulated and deformable

objects also lead to underactuation, where the robot's limited contact points make it impossible to

control all regions of the object simultaneously. Furthermore, some manipulation tasks may require

the use of specialized tools or dynamic actions that go beyond simple pick-and-place operations.

Developing policies that can effectively handle these complex interactions is crucial.
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Hard to Reset.Another key challenge arises from the irreversible nature of some manipulation

scenarios. For example, cutting fruit in half is an action that cannot be easily undone, making it

dif�cult to reset the environment for extensive real-world data collection or policy training.

To this end, we propose to enable diverse and scalable skill acquisition for robot manipulation

by leveraging advanced physics simulators, that can model various object properties and manipu-

lation dynamics with high �delity. The privileged state information provided simulation makes the

perception and policy learning much easier. Furthermore, simulation enables zero-cost environ-

ment reset and a large variety of domain randomization, including visual appearance and physics

properties, without being limited by the physical world.

While simulation is a powerful tool, there are several limitations to overcome, including simu-

lation capabilities, policy supervision, and the sim-to-real gap. In this thesis, we present potential

solutions to these issues. Above all, an ideal physics simulator should be able to simulate objects

with diverse visual appearances and material properties, ranging from rigid articulated structures

to deformable and even multi-material objects. However, most popular simulators in robotics only

support rigid objects. To expand simulation capabilities, we must customize simulators based on

the requirements of different tasks, such as cloth unfolding and fruit cutting. Furthermore, ad-

vanced simulation methods in the graphics community are often computationally expensive. Un-

like a Disney movie, which can afford one week to simulate and render a 1-minute clip, roboticists

must achieve a balance between quality and ef�ciency. The simulator should not only be capable of

simulating physically realistic dynamics but also have suf�cient throughput to enable data-hungry

policy training.

Second, a good formulation for policy training is critical. Reinforcement learning is a com-

monly used method, but it treats the environment as a black box and tries to maximize cumulative

reward, which is not very data-ef�cient. Even if simulations can be run in parallel, which is much

cheaper than using a real robot, training ef�ciency remains limited, especially for deformable

objects that are slow to simulate. To address this, our solution incorporates inductive bias or priv-

ileged knowledge from the simulation to increase training ef�ciency. For example, we can use
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spatial action maps to bridge the action space with image pixel space, allowing us to utilize the

inductive bias of convolutional neural networks. Furthermore, we can take advantage of differ-

entiable simulators to directly optimize actions by backpropagating rewards to the action space.

Gradient-based optimization is clearly much more ef�cient than black-box optimization.

Last but not least, the sim-to-real gap is inevitable and must be reduced to enable policies

trained in simulation to be deployed in real-world scenarios. The key to reducing this gap is using

appropriate input representations. For example, depth images in the real world are often very

noisy. Instead, RGB images with data augmentation can achieve better sim-to-real adaptation.

Regarding force information, absolute values from a force-torque sensor are challenging to transfer

from simulation to reality. In contrast, binary contact information is much easier to adapt, as we

can calibrate simulation and real-world data separately. Additionally, we co-design real-world

hardware and simulation environments, as well as craft manipulation primitives to reduce the action

space for better sim-to-real performance.

This dissertation is divided into the following chapters:

Chapter 2: I brie�y describe the related work, focusing particularly on the �elds of robotic

data collection and learning from simulation.

Chapter 3: I present UMPNet, a universal policy network that can infer closed-loop action

sequences for manipulating a wide range of articulated objects using only visual input. This work

leverages the versatility of simulation-based training to handle the modeling complexities of di-

verse articulated structures.

Chapter 4: I propose to leverage active air�ow for robot manipulation. I then introduce Dex-

tAIRity, a system that utilizes air�ow to enable safe and effective deformable object manipulation,

including cloth unfolding and bag opening. The policy deployed on a three-arm platform general-

izes well to diverse garments and bags, outperforming traditional contact-based methods.

Chapter 5: To further push the boundary of skill diversity, I introduce the task of cutting

multi-material objects. I also propose RoboNinja, a comprehensive system including an interactive

state estimator, an adaptive cutting policy, and a differentiable simulator. The policy training in
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simulation enables the robot to cut various fruits with differently shaped rigid cores in the real

world.

Chapter 6: I introduce two future projects to achieve generalist, a uni�ed framework for dif-

ferent tasks. On the direction of simulation, we propose Genesis, a uni�ed simulation environment,

to simulate diverse materials and tasks for all-purpose robot learning. On the real-world side, we

propose Universal Manipulation Interface (UMI). The key is to use a portable, low-cost hand-held

gripper to capture rich human demonstrations in the real world.
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Chapter 2: Related Work

The development of effective learning-based manipulation policies relies heavily on high-

quality, large-scale data. Training data for robotic manipulation can be broadly categorized into

two types: real-world and simulated. This chapter will explore related work in these �elds, focus-

ing on the challenges and opportunities presented by each approach.

2.1 Learning from Real-World Data

Real-world data for robotic manipulation can be further divided into two categories: real-robot

data and human video data.

2.1.1 Real Robot Data

Real-robot data is considered the highest quality for policy training, as it eliminates the sim-

to-real gap and embodiment issues. However, it is also the most expensive and time-consuming

to collect. With real-robot data. the most straightforward way is to use imitation learning, which

directly learns policies from expert demonstrations. Behavior cloning (BC), utilizing teleoperated

robot demonstrations, stands out for its direct transferability. However, teleoperating real robots

for data collection poses signi�cant challenges. Previous approaches utilized interfaces such as

3D spacemouse [1, 2], VR or AR controllers [3, 4, 5, 6, 7, 8, 9], smartphones [10, 11, 12], and

haptic devices [13, 14, 15, 16, 17] for teleoperation. These methods are either very expensive

or hard to use due to high latency and lack of user intuitiveness. While recent advancements in

leader-follower (i.e. puppetting) devices such as ALOHA [18, 19] and GELLO [20] offer promise

with intuitive and low-cost interfaces, their reliance on real robots during data collection limits the

type and number of environments the system can gain access to for “in-the-wild” data acquisition.
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Exoskeletons [21, 22] remove the dependence on real robots during data collection, however, they

require �ne-tuning using teleoperated real robot data for deployment. Moreover, the resulting

data and policy from the aforementioned devices are embodiment-speci�c, preventing re-usage for

different robots.

2.1.2 Human Video Data

Human videos available on the internet offer diverse visual and motion distributions, making

them an attractive source of data. In this direction, the most common way is to learn from diverse

passive human demonstration videos. Utilizing passive human demonstrations, previous works

learn task cost functions [23, 24, 25, 26], affordance functions [27], dense object descriptors [28,

29, 30], action correspondences [31, 32], and pre-trained visual representations [33, 34].

However, this approach encounters three major challenges. Firstly, most video demonstrations

lack explicit action information, crucial for learning generalizable policies. To infer action data

from passive human video, previous works resort to hand pose detectors [10, 25, 13, 32], or com-

bining human videos with in-domain teleoperated robot data to predict actions [31, 22, 35, 32].

Second, the evident embodiment gap between humans and robots hinders action transfer. Efforts

to bridge the gap include learning human-to-robot action mapping with hand pose retargetting [13,

32] or extracting embodiment-agnostic keypoints [36]. Despite these attempts, the inherent embod-

iment differences still complicate policy transfer from human video to physical robots. Thirdly, the

inherent observation gap induced by the embodiment gap in this line of work introduces inevitable

mismatch between train/inference time observation data, exacerbating the transferability of the re-

sulting policies, despite efforts in aligning demonstration observation with robot observation [22,

32].

2.2 learnign from Simulation Data

Simulation-based learning offers several advantages, including scalability, safety, and the abil-

ity to generate diverse scenarios. However, it also presents challenges in terms of sim-to-real

6



transfer and the �delity of the simulated environments.

2.2.1 Learning Deformable Object Manipulation

Most existing simulators are primarily designed to handle rigid objects, which are relatively

straightforward to model. However, manipulating deformable objects is a long-standing challenge

in robotics. Methods have been developed for manipulating ropes [37], smoothing fabric [38, 39],

folding cloth [40, 41, 42, 43], lifting bags [44, 45, 46], and inserting rigid object into deformable

containers [47, 48]. In contrast to quasi-static manipulation, dynamic manipulation [49] addition-

ally leverages robot-produced acceleration forces to manipulate objects. This formulation allows

the system to manipulate out-of-contact regions of the deformable object by building up an object's

momentum with high-velocity actions [50, 51, 52, 53, 54, 55, 56, 57].

In terms of 3D deformable objects, there has been a signi�cant amount of research conducted

on simulating the cutting process of different materials. Theoretical analysis is commonly applied

in metal cutting [58, 59] and brittle materials research [60, 61, 62]. Besides, various numerical

methods are utilized to simulate the fracture of deformable objects. They could be further classi�ed

into mesh-based methods, such as the Finite Element Method (FEM) [63, 64, 65, 66, 67, 68, 63],

and mesh-free methods, including Position-based Dynamics (PBD) [69, 70] and Material Point

Method (MPM) [71, 72, 73, 74].

2.2.2 Differentiable Physics Simulation for Policy Learning

In recent years, a number of differentiable simulation environments have been proposed to ac-

celerate policy learning. These include 1) simulators parameterized by neural networks [75, 76,

77], which haven't proved to be capable of accurate simulations involving complex interactions

between multi-phase materials required in cutting scenarios, and 2) analytical simulators imple-

mented in a differentiable way, leveraging either automatic differentiation tools [78] or analytical

gradient computation rules [79]. The latter is used to provide gradient information to accelerate

policy search in various robotic tasks, including locomotion [80], soft robot design [81], soft body
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manipulation [82, 83, 84], etc. To handle realistic sensory input outside of the simulation environ-

ment, prior methods distill the knowledge learned in simulators into visuomotor policies that take

images [85] or point clouds [86] as input.
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Chapter 3: Learning Articulated Object Manipulation

In this chapter, we focus on the task of articulated object manipulation, which is crucial for

many robotics tasks. Furthermore, can we have a single policy for all different articulated objects

with diverse geometry and kinematic structure? To this end, we introduce the Universal Manip-

ulation Policy Network (UMPNet) – a single image-based policy network that infers closed-loop

action sequences for manipulating arbitrary articulated objects. To infer a wide range of action

trajectories, the policy supports 6DoF action representation and varying trajectory length. To han-

dle a diverse set of objects, the policy learns from objects with different articulation structures

and generalizes to unseen objects or categories. The policy is trained with self-guided exploration

without any human demonstrations, scripted policy, or pre-de�ned goal conditions. To support

effective multi-step interaction, we introduce a novel Arrow-of-Time action attribute that indicates

whether an action will change the object state back to the past or forward into the future. With

the Arrow-of-Time inference at each interaction step, the learned policy is able to select actions

that consistently lead towards or away from a given state, thereby, enabling both effective state

exploration and goal-conditioned manipulation.

3.1 Articulated Object Manipulation

The ability to effectively interact and manipulate unknown articulated objects is critical for

many robotics tasks. However, due to the large variance in the objects' kinematic structure and

3D geometry, the actual action trajectories can vary drastically across different object instances

and categories. Fig. 3.1 shows examples of action trajectories conditioned on different objects for

opening a door, turning a switch, or opening a drawer. Extensive prior works have studied how

to manually design or learn an object-speci�c policy for each type of interaction (e.g., opening
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Figure 3.1:Universal Manipulation Policy for Articulated Objects. Instead of predicting a single-step
action, UMPNet predicts complex closed-loop 6DoF action sequences with varying trajectory lengths. As
a result, the same policy network is able to handle a diverse set of objects regardless of their joint types or
number of links.

doors). However, such policies are often time-consuming to design and fail to generalize across

objects with different articulation structures.

While these interaction sequences are drastically different in their low-level geometric trajecto-

ries, many of them can be summarized by a similar high-level function conditioned on the objects'

underlying geometric and kinematic structure. For example, the motion trajectory of a door open-

ing can be represented by a function conditioned on its frame size and its rotation axis, and a

similar function can also be used for opening a fridge, a microwave, or even a laptop. By learn-

ing to interact with a diverse set of articulated objects, the system is able to acquire generalizable

knowledge about objects' articulation structures and how these structures would react to different

actions. Such knowledge goes beyond a speci�c object instance or category, allowing a universal

interaction policy for any articulated objects.
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Can we enable a robot to automatically acquire these basic concepts about the object structure

through self-supervised interactions and use them to infer the corresponding manipulation policies?

In this chapter, we introduce theUniversal Manipulation Policy Network (UMPNet) – a single

policy network that discovers possible manipulation policies for an articulated object from visual

observations (i.e., RGB-D images). The action trajectories inferred by the policy network (shown

in Fig. 3.1) highlight the following attributes:

• General action representation:To modelall possible actions forany articulated object, the

network should be able to represent a general action space with little constraints – it should

be able to represent continuous actions in SE(3) with arbitrary trajectory length. To achieve

this goal, we formulate an action trajectory by its initial 3D position and a sequence of action

directions, which allows the network to describe complex motion trajectories with varying

sequence lengths.

• Closed-loop action sequence:Instead of predicting a single-step action (e.g., push or pull),

we are interested in predicting long-horizon sequential actions that could describe a com-

plex motion trajectory. However, due to error accumulation and partial observation, directly

predicting the full trajectory from the initial state can be challenging. To address this issue,

we use a closed-loop formulation where the network continues to predict the next action

conditioned on the object's initial and current state, allowing the network to adjust its action

prediction based on its visual observation of the object.

• Arrow-of-Time awareness:Most of the action trajectories are bi-directional in time (i.e.,

they are valid in either direction). Hence, conditioning on a single state can result in mul-

tiple effective next actions that would change the object's state with the same magnitude.

However, to avoid the back-and-forth actions, the network takes the history state as input

and infers an additional “Arrow-of-Time (AoT)” attribute for each action. This AoT label

indicates whether this action will change the object state back to the past or forward into

the future. Apart from encouraging exploring new states, this Arrow-of-Time inference also

allows us todirectly apply the network in “goal conditioned manipulation”, where we can
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simply swap out the initial state with the goal state and choose the actions using a reversed

Arrow-of-Time.

In summary, we present a uni�ed framework that discovers possible manipulation policies

for an articulated object from visual observations. By using self-guided exploration, the policy

network is able to learn a wide range of action trajectories for a diverse set of objects and generalize

to unseen objects and categories. The training does not require any human demonstrations or pre-

de�ned goal conditions. We validate our approach on two manipulation tasks (1) open-ended state

exploration and (2) goal-conditioned manipulation. The experiments demonstrate that UMPNet is

able to outperform alternative approaches in both tasks signi�cantly.

3.2 Related Work

Open-loop manipulation with pose estimation.Many works have focused on learning task-

speci�c manipulation primitives, such as grasping [87], pushing [88] and tossing [89]. For articu-

lated objects, methods have focused on handling doors, and drawers [90, 91, 92, 93, 94, 95, 96, 97,

98]. These prior works typically start with object pose estimation [99, 100] and then use the object

pose to compute an open-loop motion trajectory. However, the action trajectory designed for one

task (e.g., opening doors) may be too speci�c to be applied to other objects or tasks (e.g., pushing

button). Moreover, performing pose estimation for articulated objects withunknown category and

kinematic structureis an extremely challenging task. On the contrary, our model does not require

any object detection, pose estimation or part segmentation, and demonstrates that it is in fact not

necessaryto perform explicit pose estimation to perform effective manipulations.

Learning action trajectories from demonstrations. Another popular method for robots to

acquire new manipulation skills is learning from demonstrations. This approach has been ex-

plored extensively in reinforcement learning literature [101]. Researchers has tried using behav-

ioral cloning to learn from human demonstration data captured by various methods, for example,

motion capture [102, 103], videos [104, 105, 106, 107] and virtual reality [108, 109]. However,

these works requires collection of large amount of high-quality demonstrations with action and
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pose annotation, which is expensive to obtain. In contrast, our framework generates its own train-

ing data by allowing the agent to actively interact with objects and explore the environment.

Single-step action affordance.Action affordance describes the possibility of an action to be

applied to a given location in the environment. The task of affordance prediction does not limit

to a speci�c kind of object or action primitive. Building on the well-studied image segmentation

problems, many existing methods have been developed to learn object affordance through passive

observations, such as learning human-object interaction hotspots from video [110, 111] and con-

tact heatmap from RGB-D image [112]. The work most related to ours is “Where2Act” by Mo et

al.[113], where the algorithm can infer single step action affordance for different articulated ob-

jects. However, limited by its single step formulation, this approach fails to generated long-horizon

motion trajectories for goal-conditioned manipulation tasks, which is the focus of our approach.

3.3 Method

The goal of the manipulation policyc is to generate a sequence of actions to interact with

a random articulated object which would result in novel states that haven't been visited before.

Taking Fig. 3.2 as an example, to effectively explore novel states of the object (i.e., a toilet),

the algorithm should be able to (a) choose the right position on the object to interact with (i.e.,

interacting with the cover instead of the base), (b) select a proper action direction (i.e., pulling

up instead of pushing down), and (c) consistently select actions in the following steps to explore

novel states (i.e., keeping pulling up the cover instead of moving up-and-down). These three

requirements directly correspond to the three key components of our algorithm, which are action

position selection (a), action distance (b) and Arrow-of-Time inference (c) for action direction

selection. As a result, the �nal system is able to learn through a self-guided exploration process,

without explicit human demonstrations [109], scripted policy [113], or pre-de�ned goal conditions

[114].
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Figure 3.2:UMP-Net overview. UMPNet takes visual observation (i.e., RGB-D images) of an articulated
object as input and generates a sequence of actions in SE(3) space to explore novel object states.(Left)
A grasp position is selected in the �rst interaction step.(Right) In following steps, the outcomes for each
action candidates (Adist andAAoT) are inferred and then used for action direction selection.Adist¹0dir

C º infers
the potential moving distance of the joint after applying the action0dir

C . AAoT¹0dir
C º infers whether or not the

action will move the object toward a novel state. The action direction with largestAdist and positiveAAoT will
be selected.

3.3.1 Problem Formulation

The task is de�ned as follows: given a visual observation of an articulated object in the form

of an RGB-D image at the initial and current state>0– >C 2 R, � � � 4, the agent with a policyc

generates an action0Cat each stepc¹>C– >0º ! 0Cthat satis�es the aforementioned requirements.

The action is represented in SE(3) space, parameterized by end-effector (i.e., a suction-based grip-

per) position and moving direction0C = ¹0pos
C – 0dir

C º, where0pos
C 2 R3 is a 3D coordinate and

0dir
C 2 R3–¹jj0dir

C j j = 1º is a unit vector in 3D indicating the end-effector moving direction.

In the �rst interaction step, the policy selects a 3D position0pos
0 to apply action (i.e., an immo-

bilizing grasp via suction). To execute the action, the agent moves its end-effector to this position,

with an orientation perpendicular to the object surface. Note that the gripper orientation (deter-

mined by the surface normal) can be different from the action direction0dir
C (determined by the

Direction Inference Networks Sec. 3.3.3). In each following step, the agent will select a 3D di-
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rection0dir
C and move its end-effect 0.18(m) along that direction, the position0pos

C is �xed relative

to the objects surface. The suction behavior is implemented as a force constraint between the suc-

tion cup and the selected 3D position on the object. The orientation of the end-effector is always

aligned with the surface normal during the interaction.

3.3.2 Position Inference

To start, the policy needs to determine a suitable position on the object 3D surface0pos
0 to apply

action (i.e., a immobilizing grasp via suction). To do so, the algorithm needs to select a pixel from

the observation image>0 to apply action. The selected pixel will then be projected back to the 3D

space using the depth value provided in the RGB-D image.

We formulate this problem as an image labeling task, where the position network (Fig. 3.2a)

takes in an RGB-D image and predicts per-pixel position affordance score% 2 »0–1¼, � � . The

affordance score%¹F– �º implies the likelihood of the object part movement when applying an

action in this position. We use a U-Net architecture for this task, the network is supervised by

the outcome of the executed action (one out of, � � pixels). The ground truth label is1 if and

only if the object state is changed in any of the future steps. The network is trained with Binary

Cross-Entropy loss.

Note that simply selecting a position belonging to a movable link is a necessary but not suf�-

cient criterion. For example, if the selected position is very close to the joint axis, the agent will

not be able to apply enough force to move the object part. Furthermore, the label is affected by the

quality of direction selection. A correct position can still be labeled as a negative case if the object

state is not changed due to wrong direction predictions in the following steps.

3.3.3 Direction Inference

At this point, the end-effector has grasped the object link at0pos
0 which is visible to the camera.

Conditioned on this information, the policy then needs to select a 3D direction0dir
C . To select the

action direction, the algorithm need to �rst sample a set of action candidates, and evaluate each
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action candidate's effectiveness. The “effectiveness” is measured by the moving distance of the

object joint positionAdist¹0dir
C º and Arrow-of-Time attributeAAoT¹0dir

C º, de�ned as following:

Adist¹0dir
C º = jj®9C� ®9C� 1j j– W= ¹ ®9C� ®9C� 1º � ¹ ®9C� 1 � ®90º– AAoT¹0dir

C º =

8>>>>>>>>><

>>>>>>>>>
:

� 1 Adist¹0dir
C º ¡ X & W Ÿ0

0 Adist¹0dir
C º � X

1 Adist¹0dir
C º ¡ X & W� 0

where®9Cis the object joint state in each stepCandXis a threshold to determine whether the state

is effectively changed.X is 0.15m for prismatic joint and 8.6°for revolute joint. The following

paragraph provides details on how to generate action candidatesf 0dir
C g, and inferAdist¹0dir

C º and

AAoT¹0dir
C º.

To generate direction candidatesf 0̂dirg, one naive method would be uniformly sampling in the

SO(3) space. However, limited by the number of samples, the sampled directions can only cover

a small portion of the continuous action space that does not include the optimal directions. To

address this issue, we use a heuristic approach, iterative cross-entropy method (CEM), to reduce

the sampling space to achieve ef�cient direction sampling. The algorithm starts with uniform

sampling the SO(3) space for# samples. Then, it evaluates the sampled actions based on the

predicted action scores:B¹0̂º = ~Adist¹0̂dirº � ~AAoT¹0̂dirº. In the next iteration, the algorithm re-

sampls the candidates with probability correlated to its score:?¹0̂º / 4) � B¹0̂º, where) = 20

is a temperature value. Added a random noise, they are considered as candidates in the second

interaction. In this way, the samples in the second iteration will concentrate on the region that

has more "potential", leading to better performance with the same number of samples. Detailed

comparisons are listed in appendix. Our �nal model uses CEM sampling with 64 samples.

To infer the moving distance~Adist¹0dir
C º for an action candidate, the network needs to consider

the object's current state and grasp position which are both encoded in the current observation

>C. Taking in the RGB-D image of the current state, DistNet (Fig. 3.2b) outputs embedding vector

k ¹>Cº. Then DistDecoder (Fig. 3.2d) takes both embedding vectork ¹>Cº and action0 as input, and
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outputs a scalar as the distance prediction~Adist¹0dir
C º. DistNet is a convolution neural network and

the output is �attened to an embedding vector. Dist-Decoder is a fully connected neural network

trained using MSE lossL 38BCfor the executed action0C.

Different from ~Adist¹0dir
C º inference, Arrow-of-Time~AAoT¹0dir

C º inference is conditioned on on

both current observation and initial observation. For single-step interaction, any action that changes

the object's state would result in a novel state. However, it is not true for multi-step interactions –

the policy can move the object link back and forth without exploring any new states. To address

this issue, we propose an “Arrow-of-Time” (AoT) action attribute that indicates whether the action

will change the object state back to the initial state or forward into the future (i.e., a novel state).

Speci�cally, AoTNet (Fig. 3.2c) takes the current and initial observation as input and outputs

another embedding vectorq¹>C– >0º. This embedding vector is then combined with the action

embedding to infer the �nal AoT label for this action~AAoT¹0dir
C º. The network architectures of

the AoT branch are similar to those of the Dist branch while the only differences are the different

input dimensions of the Dist Net and the AoT Net as well as the different output dimensions of

the AoT Decoder and the Dist Decoder. The model is trained as a three-way classi�cation with

Cross-Entropy lossL �>) . The �nal loss for direction inference is:L = _L 38BÇ L �>) , where

_ = 100in our experiments.

3.3.4 Training

All training data come from interaction trials executed by the policy trained from scratch. A

FIFO replay buffer (size=6400) is used to store training data. To collect data with both positive and

negative AoT labels, we employ a contradictory policy for direction inference within a sequence.

In the �rst half of each sequence, we select an action with positive AoT prediction for execution to

move the object away from its initial state. In the second half, actions with negative AoT prediction

are executed to encourage the object to move back. 16 trajectories are collected in each epoch. The

sequence length is 4 at the beginning. After 1000 epochs, it increases by 2 every 400 epochs, until

reaching 20.n-greedy is used during training, wheren decreases linearly from1 to n<8= within
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Figure 3.3:Goal conditioned manipulation with reversed AoT.

= epochs. In position inference,= = 300 andn<8= = 0•1. In direction inference,= = 500 and

n<8= = 0•2.

The position module and direction module are trained with 8 iterations accordingly in each

epoch. In each position training iteration, we sample a batch (size=16) of examples from the replay

buffer with a 1:1 positive-to-negative ratio. In each direction training iteration, 1:1:1 samples from

positive, negative, and not-moving data form a batch (size=24).

3.3.5 Goal Conditioned Manipulation with Reversed AoT

While open-ended interaction is useful for exploring and collecting information about the en-

vironment, most manipulation tasks are goal-conditioned – the policy needs to generate actions
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that would lead toward a given goal state instead of a random novel state. Although the policy is

trained with only open-ended exploration, the learned policy can be directly applied to perform

goal-conditioned manipulation without additional training.

The key idea for performing the goal-conditioned task is to swap out the initial observation

with the goal-state observation as the input to the policy. Then by executing the actions with a

reversed Arrow-of-Time (i.e., negative AoT), the policy tries to move the object back to the “past”,

which will effectively move the objects toward the goal. If the AoT prediction of all direction

candidates is non-negative (no blue arrows in Fig. 3.3), the trajectory will terminate.

Apart from choosing the right action direction, another unique challenge for goal-conditioned

manipulation is how to choose the correct link to interact when there are multiple movable links

on the object (e.g., fridge with double doors in Fig. 3.3). While the position heatmap predicted

by the network covers all movable links, only interacting with the right one can lead to the goal.

Therefore, to choose a proper position, we �rst compute a difference mask between the initial and

target observation. Then, we multiply the raw position heatmap and the mask to get the �ltered

position affordance (remove the pixels that are not changed). The �nal position is selected from

the �ltered heatmap. The algorithm for goal-conditioned manipulation is illustrated in Fig. 3.3.

3.4 Evaluation

Our simulation environment uses objects from PartNet-Mobility [115] and physics engine from

Pybullet [116]. We use 12 categories for training and 10 categories for testing. There are 504

training object instances, 132 testing object instances from training categories, and 261 object

instances in the testing categories. We randomly load an articulated object into the simulation for

each interaction session with a randomly initialized pose and joint con�gurations.

Open-ended State Exploration

We �rst evaluate UMPNet's effectiveness in exploring novel states of an articulated object. Be-

ing able to effectively explore the possible states of an object without a speci�c goal is a critical
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Table 3.1: Effective state exploration.1

Novel instances in training categories Testing categories

Where2Act 0.942.08 1.10 0.79 0.92 1.24 1.05 1.06 0.80 0.74 0.96 0.57 0.96 1.48 1.01 1.17 1.171.95 0.82 1.02 1.38 0.81
AoTOnly 0.99 1.42 1.05 0.63 0.62 1.01 0.76 0.62 0.61 0.54 0.57 0.51 0.75 1.10 1.06 1.10 1.14 1.46 0.49 0.86 1.21 0.80

SignedDist 0.84 1.68 1.04 0.53 0.91 1.25 1.23 0.69 0.73 0.43 0.65 0.51 0.75 1.10 1.06 1.10 1.14 1.46 0.49 0.86 1.21 0.80
UMPNet 1.02 2.08 1.370.73 0.92 1.29 1.261.03 0.81 0.70 0.90 0.66 1.10 1.50 1.14 1.18 1.321.87 0.77 1.05 1.69 0.90

Single action effects"

Where2Act 0.38 0.45 0.34 0.25 0.52 0.56 0.49 0.56 0.45 0.50 0.58 0.26 0.39 0.39 0.45 0.42 0.51 0.53 0.50 0.66 0.24 0.34
Where2Act+HP0.72 0.85 0.89 0.48 0.60 0.830.85 0.72 0.62 0.63 0.73 0.50 0.75 0.870.79 0.84 0.81 0.89 0.54 0.86 0.91 0.65

SingleStep 0.31 0.42 0.39 0.26 0.47 0.51 0.48 0.49 0.44 0.47 0.57 0.24 0.44 0.38 0.39 0.41 0.45 0.45 0.47 0.78 0.29 0.31
AoTOnly 0.58 0.77 0.69 0.42 0.47 0.68 0.62 0.67 0.50 0.44 0.59 0.44 0.70 0.76 0.65 0.82 0.61 0.81 0.44 0.80 0.83 0.50

SignedDist 0.43 0.59 0.66 0.38 0.47 0.54 0.58 0.58 0.46 0.38 0.48 0.38 0.60 0.57 0.51 0.58 0.57 0.65 0.36 0.55 0.68 0.47
UMPNet 0.70 0.85 0.90 0.52 0.60 0.87 0.81 0.74 0.64 0.55 0.74 0.52 0.77 0.85 0.76 0.85 0.80 0.92 0.56 0.86 0.93 0.68

UMPNet+HP 0.710.86 0.90 0.57 0.64 0.880.83 0.74 0.65 0.60 0.74 0.55 0.77 0.880.78 0.86 0.83 0.92 0.56 0.88 0.93 0.70

Ratio of unique states visited"

�rst step for many robot learning algorithms since it is often used to collect the initial observation

about the environment to initiate the training. While random explorations can be used for sim-

ple environments, they are often not suf�cient for tasks involving high-dimensional action space,

where the majority of the actions will not change the object joint state in a meaningful way.

Instead, aneffectivestate exploration policy should be able to choose actions that can (1) sig-

ni�cantly change the joint state of an object and (2) lead to novel states that have not been visited

before. The �rst property requires the system to understand the object structure, and the second

property requires the system to be aware of the interaction history.

Metrics. We use two metrics to evaluate the effectiveness of state exploration:

(1) Single action effects– measures the joint state difference before and after each interaction

step� = jj®9C� ®9C� 1j j•X. The threshold of signi�cant state changeXis 0.15m for the prismatic joint

and 8.6°for the revolute joint. The unit is radian for the revolute joint and meter for the prismatic

joint. This metric evaluates whether the algorithm can choose the action that would change the

state of the object most signi�cantly.

(2) Novel state visited– measures the ratio between the number of unique states visited among

all interaction steps:ratio = #unique_states•#steps. Two states are considered the “same” when

the object's joint difference is less thanX. This metric evaluates whether the algorithm is aware

of the interaction history and chooses the action leading to novel states that have not been visited
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Figure 3.4:Open-ended state exploration.Arrow length indicates the inferred distance value, color indi-
cates the inferred AoT label. We visualized the uniform samples to better illustrate the AoT distribution.
(Left) Qualitative comparisons. All methods are able to choose a suitable position, however, both SingleStep
and Where2Act cannot distinguish between actions that are moving away from or back to initial state (all
directions are red) leading to inef�cient exploration. In contrast, UMPNet is able to infer the correct AoT
labels, hence, select the correct action to explore novel states.(Right) Number of unique state visited up to
each step using different exploration strategy (laptop testing instances). The error bar is measure with �ve
random seeds.

before.

Algorithm comparisons. We compare our �nal model with the following alternative ap-

proaches:

• Where2Act [113]: This algorithm takes the current observation as input and selects single-step

action. The model is with binary classi�cation loss where the action is positive if only the moving

distance is larger than a threshold.

• Where2Act+HP: an additional heuristic that �lters out actions that has a larger than 90°angle with

last-step action. This heuristic helps to avoid back-and-forth actions, however cannot be applied

for goal-conditioned manipulation.

• SingleStep: Single-step version of our method that only takes the current observation as input.

1Categories: fridge, folding chair, laptop, stapler, trashcan, microwave, toilet, window, cabinet, switch, kettle, toy,
box, phone, dish washer, safe, oven, washing machine, table, kitchen pot, bucket, door.
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Table 3.2: Goal conditioned manipulation1

Novel Instances in Train Categories Test Categories

Inverse [117] 0.30 0.21 0.32 0.31 0.27 0.17 0.280.09 0.27 0.25 0.09 0.34 0.25 0.32 0.09 0.17 0.270.15 0.21 0.000.51 0.27
AoTOnly 0.23 0.18 0.12 0.22 0.32 0.18 0.15 0.16 0.32 0.38 0.12 0.08 0.30 0.05 0.07 0.18 0.31 0.18 0.270.00 0.31 0.18
SignedDist 0.26 0.24 0.11 0.20 0.35 0.19 0.22 0.15 0.41 0.44 0.13 0.12 0.32 0.09 0.11 0.20 0.34 0.22 0.310.00 0.30 0.22
UMPNet 0.20 0.19 0.05 0.19 0.23 0.16 0.120.13 0.28 0.21 0.11 0.04 0.26 0.03 0.06 0.15 0.210.16 0.22 0.00 0.22 0.17

Normalized distance to target#

Inverse [117] 0.43 0.68 0.72 0.55 0.630.89 0.78 0.65 0.61 0.52 0.83 0.54 0.67 0.59 0.80 0.73 0.580.83 0.67 1.00 0.39 0.68
AoTOnly 0.46 0.76 0.81 0.71 0.52 0.83 0.86 0.52 0.45 0.43 0.81 0.88 0.61 0.860.86 0.7 0.52 0.77 0.6 1.00 0.50 0.77
SignedDist 0.47 0.59 0.840.75 0.48 0.88 0.75 0.52 0.49 0.37 0.78 0.83 0.58 0.84 0.83 0.69 0.46 0.71 0.571.00 0.52 0.74
UMPNet 0.67 0.78 0.900.73 0.68 0.86 0.90 0.58 0.63 0.57 0.79 0.94 0.68 0.89 0.86 0.76 0.620.80 0.68 1.00 0.57 0.79

Success rate"

• AoTOnly: This method only outputs AoT label for each action without the distance inference.

• SignedDist: Instead of inference AoT and distance as separate outputs, this method infers signed

distance by multiplying the AoT and distance valueAsinged= AAoT � Adist

Results and analysis.Quantities and qualitative results are summarised in Tab. 3.1 and Fig.

3.4.

Effect of the AoT prediction.Both [ Where2Act ] and [ SingleStep ] only take the current ob-

servation as input and infer actions for one step; hence, they do not need to understand the interac-

tion history. From Tab. 3.1 we can see that [ Where2Act ] is able to achieve similar performance

in “single action effects”, however, both [ Where2Act ] and [ SingleStep ] cannot effectively ex-

plore novel states with more interaction steps. Since both algorithms are not aware of interaction

history, we observe that the policy often selects actions that would manipulate the object link back

and forth instead of exploring new possible object states. When combined with the heuristic the

algorithm [ Where2Act+HP ] can avoid back-and-forth action, however, it is sensitive to error

propagation, where one sub-optimal action would affect all following steps through the �ltering

process, resulting in worse performance. Fig. 3.4 shows examples of action prediction results for

[ UMPNet ]. With just the Arrow-of-Time prediction, [ UMPNet ] is able to identify the actions

that would always move the object from the past states (i.e., red arrows); therefore, it is able to

visit novel states much more frequently. When combined with a heuristic �lter, the performance

improves slightly.
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Figure 3.5:Goal conditioned manipulation results.At the beginning or in the middle of a trajectory, the
action candidates have positive (red) and negative (blue) AoT labels. To move toward the goal, the policy
selects the action with the largest distance prediction and a negative AoT label (the longest blue arrow) to
execute. When reaching the goal state (current and goal state are similar), the AoT labels turn non-negative
for all actions since all actions will either make no change or move further away from the goal state. The
[Inverse] model (right-most column) often chooses sub-optimal action directions (highlighted by red dash
circles) at the beginning of the interaction sequence where the current observation is far away from the goal
states.

Effect of the distance prediction.Compared to [ AoTOnly ], we can observe that by explicitly

predicting the distance value for each action candidate, [ UMPNet ] can better differentiate between

different action directions and choose the optimal action direction that would introduce larger state

changes. As a result, [ UMPNet ] can achieve a better “single action effect” for all object categories,

leading to more ef�cient state exploration when considering the entire sequence.

Effect of decomposing AoT and distance prediction.Different from [ SignedDist ] which di-

rectly predicts a signed distance value that combines the AoT and distance, [ UMPNet ] decom-

poses its output as an AoT label (trained with classi�cation) and a distance value (trained with

regression). This decomposition helps the algorithm better disentangle these two concepts, allow-

ing the algorithm to achieve more accurate predictions for both. As a result, [ UMPNet ] can

achieve better performance in both metrics.

Goal Conditioned Manipulation

In this experiment, we evaluate UMPNet's performance in the task of goal-conditioned ma-

nipulation. Given a target state in the form of an RGB-D image, the task is to infer a sequence
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of actions that manipulate the object toward the target state and halts when the object reaches the

target state.

Metrics. The performance for this task is measured by (1) normalized distanceEgoal to target

state after interaction:Egoal = jj®9end � ®9goalj j•j j ®9goal � ®9init j j, where®9is vector of object's joint state.

(2) success rate, where a successful case is de�ned as the normalized distance to the goal state is

smaller than 0.1. To make the task more challenging, the initial and goal states are selected from

the upper and lower limits of the joint. The initial state may be moved to ensure the task can be

accomplished in 15 steps.

Algorithm comparisons. We compare with the [ Inverse ] model proposed by Agrawal et al.

[117], a single-step inverse model for goal-conditioned manipulation. Each step takes the current

and goal observation as input and predicts the action that would change the state from the current

state to the goal state. This model is trained on the same state-action pairs (BC– BÇ 1– 0C) as our

method, and the action output is trained with direct regression loss.

Results and analysis. Tab. 3.2 shows that compared to prior works [ Inverse ] and other

alternative approaches, [ UMPNet ] is able to achieve more precise goal-conditioned manipulations

by moving the object to a state that is closer to the target (lowerEgoal value). From the qualitative

comparisons in Fig. 3.5 we can observe that the performance of the [ Inverse ] model is much

worse at the beginning of the interaction, where the algorithm often selects sub-optimal action

directions that make less progress towards the goal (actions highlighted in red dash circle). Since

the [ Inverse ] model only takes consecutive observations as input during training, it struggles to

handle long-horizon manipulation tasks, where the current observation is far away from the goal

states. Similar to exploration experiments, we observe that [ AoTOnly ] often chooses sub-optimal

action direction as it is unaware of the actual magnitudes (i.e., distance) of different action effects.

Inferring Objects' Articulation Structure from Interactions

We hypothesize that one of the requirements for learning a universal policy foranyarticulated

object is the ability to understand the object's underlying articulation structure and how this struc-
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Figure 3.6:Action ! Articulation. The joint axes (red) are inferred from the actions selected by the learned
policy (green), which indicates the system's implicit understanding of the objects' articulation structure.

ture reacts to different actions. Hence, the action selected by the policy should also, in return,

re�ect its belief in the objects' structure. For example, we often apply forces along the axis for

prismatic joints while applying actions perpendicular to the rotation axis for revolute joints.

To visualize the policy's implicit belief about the object's structure, we compute the joint pa-

rameters inferred from the actions selected by the policy. To compute the prismatic joint, we

simply take the average of the action directions. To compute the revolute joint, we �rst compute

a common action plane in the 3D space (the brown plane in Fig 3.6). The normal direction of the

plane®= 2 ' 3 is chosen asminj j®=jj=1
Í )

C=1 j®= � 0Cj, where0Cis the action direction in each interac-

tion step. Then we vote for the axis position by computing the interaction sections between the

directions perpendicular to all the actions in the common plane (blue lines in Fig 3.6). Finally, the

�nal axis position is voted among the intersection points between each pair of the perpendicular

lines. Fig. 3.6 shows examples of inferred joint parameters for objects with different articulation

structures (red lines).

We also quantitatively evaluate the inferred joint parameters. While the algorithm has never

been supervised on any of the joint parameters, it is able to estimate the joint axis orientation

with an average errorŸ 11•6° for revolute joints andŸ 32•2° for prismatic joints. Note that the
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Figure 3.7:Action sample comparison

error in prismatic joint estimation is higher since these objects often has higher tolerance on the

sub-optimal action directions.

Effect of Direction Sampling Strategy

In this experiment, we evaluate the effect of the direction sampling strategy by comparing the

Uniform and CEM direction sampling with a different number of samples. Fig. 3.7 (left) visualizes

sampled actions from different strategies. Under the same number of samples, CEM can provide

denser candidates in the region of interest, making it more likely for the model to select a direc-

tion of higher quality. Fig. 3.7 (right) shows the algorithm's performance in the goal-conditioned

manipulation task using different action samples. We observe that the performance improves with

more action samples and that CEM sampling consistently achieves a better performance than Uni-

form sampling under the same number of samples.

Real-world Experiment

Finally, we validate our method on a real-world platform with a calibrated RGB-D camera (In-

tel RealSense D415), a UR5 robot, and a suction gripper. Fig. 3.8 (a) shows the real-world setup.

In this experiment, we directly tested UMPNet trained in simulation on four different objects – box,

laptop, microwave, and stapler. The inferred action trajectories to open and close the microwave

26



Figure 3.8:Real-world experiment. We test the model trained in simulation on a real-world platform.(a)
We an RGB-D camera to capture visual observation and a UR5 with a suction gripper for manipulation.
(b) Action trajectory. (c) For each object, we visualize the inferred action position and direction for two
different target states. To move toward the goal, the policy will select the action with the largest distance
prediction and a negative AoT label (the longest blue arrow) to execute.

are shown in Fig. 3.8 (b). The qualitative result of goal-conditioned manipulation shown in Fig.

3.8 (c) demonstrates that the trained model is able to infer proper grasping positions and action

directions for different objects and goal conditions. While performing large-scale real-world train-

ing for UMPNet can still be challenging, we believe these results demonstrate the promises of the

proposed method in real-world applications. We observed that there are a few real2sim gaps that

could impact real-world performance. For example, the noise captured by the depth camera could

affect direction inference. For objects don't have a �xed base (e.g., microwave), they might expe-

rience unexpected movements during interactions, and therefore negatively impact the algorithm

performance. In addition, our policy doesn't consider real robot situations, for example, whether

the grasping position can be reached by a real robot, whether the moving trajectory is safe, and

the grasping surface is �at enough for a robust suction. All these issues about real robot platforms

should be considered in our policy in future works.

3.5 Discussion

We introduce the Universal Manipulation Policy Network (UMPNet) – a single image-based

policy network that infers a closed-loop action sequence for manipulating articulated objects. The

policy is trained with self-guided exploration without human demonstrations, scripted policy, or
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