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Abstract

To enable robots to operate seamlessly in complex, real-world environ-
ments, they must master fine-grained manipulation skills and exhibit
robust, adaptive behavior across diverse environments. This thesis ex-
plores a data-driven approach to learning generalizable and reactive ma-
nipulation policies by leveraging efficient data generation pipelines and
expressive neural models. We first introduce BiDex, a low-cost teleop-
eration system for collecting high-quality demonstrations on dexterous
bimanual tasks, addressing the challenge of acquiring real-world data. To
overcome the limitations of scale and diversity in physical data collection,
we present Neural MP, a simulation-based framework for autonomous
data generation. Building on this foundation, we propose DRP, a learning
paradigm that augments offline imitation learning with online fine-tuning
and reactive components, enabling policies to perform reliably in dynamic
and partially observable settings. Together, these contributions provide
a practical recipe for developing robust robotic manipulation systems at
scale.
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Chapter 1

Introduction

For robots to operate in our daily lives, they must learn fine-grained manipulation

skills—the ability to precisely move, grasp, and interact with objects in unstructured,

cluttered environments. Achieving this level of dexterity requires not only robust

hardware but also visuomotor policies that can interpret raw sensory inputs, react to

dynamic changes, and generalize across a wide range of manipulation settings.

In recent years, data-driven learning has transformed fields such as computer vision

and natural language processing by leveraging large-scale datasets and expressive

neural models. Inspired by this success, our work explores how similar paradigms

can be applied to robotic manipulation, where learning from data offers a promising

path toward scalable, generalizable, and reactive control policies.

Despite this promise, a key question remains: where does the data come from?

In order for robots to perform meaningful tasks in the real world, the most relevant

data comes from real-world robot interactions themselves. However, collecting such

data—particularly for dexterous, high-DOF systems—is nontrivial. In Chapter 2, we

introduce a lightweight, low-cost teleoperation setup that enables high-quality data

collection for dexterous bimanual tasks.

Yet even with proper tools in place, real-world data collection is inherently time-

consuming and expensive, making it difficult to reach the scale and diversity required

for general-purpose manipulation. To address this, we turn to simulation as a scalable

alternative. In Chapter 3, we present a framework for large-scale, autonomous data

generation in simulation, leveraging programmatic scene construction and expert
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1. Introduction

planners to train neural motion policies. This approach enables broad generalization

across tasks and environments, while significantly reducing the cost and effort of data

collection.

With this, we alleviate the data bottleneck and enable scalable policy training.

However, challenges still remain in the learning pipeline itself. Imitation learning in

general suffers from well-known limitations: compounding errors during deployment

and an upper bound on performance tied to the quality of the expert. In Chapter 4,

we address these issues by introducing a learning framework that augments pretrained

neural motion policies with online fine-tuning and reactive control components,

enabling robust behavior in dynamic, partially observable environments.

Lastly, Chapter 5 concludes the thesis with a summary of findings and presents

potential future directions to further extend this recipe.

For robots to operate in our daily lives, they must learn fine-grained manipulation

skills—the ability to precisely move, grasp, and interact with objects in unstructured,

cluttered environments. Achieving such level of dexterity requires not only robust

hardware, but also visuomotor policies that can interpret raw sensory inputs, react to

dynamic changes, and generalize across a wide variety of manipulation environments.

2



Chapter 2

BiDex: Learning from Real-World

Demonstrations

General-purpose robots in human environments will need to perform a wide variety of

challenging manipulation tasks. This ranges from intricate movements like screwing

in small objects, to cutting vegetables, to operating tools to being able to move

large objects like furniture. These are tasks built around humans, and correspond to

activities that people can perform. The versatility of human hands in particular is

essential for finer-grained tasks ranging from writing and creating art to typing on

keyboards. Hence one approach to building such versatile robot systems is to use a

hardware form factor that resembles humans with two arms each equipped with a

dexterous multi-fingered hands.

With the advent of data-driven machine learning methods and low-cost hardware

there has been renewed interest in humanoids and dexterous hands. There is great

promise for machine learning approaches to enable effective autonomous control for

high-dimensional robot systems using large amounts of data [4, 42, 48, 58, 62]. A key

question remains: how do we collect high-quality expert data for bimanual robots?

Such a data collection system must be low-cost, easy to setup and use, low-latency

and most importantly accurate enough. It should be effortless for the teleoperator to

collect high quality data of robots performing complex tasks of interest to train robot

policies.

To address this problem, VR headsets have become increasingly prevalent due

3



2. BiDex: Learning from Real-World Demonstrations

Figure 2.1: Bimanual Dexterity: BiDex can effortlessly teleoperate various complex
tasks including pouring, scooping, hammering, chopstick picking, hanger picking, picking
up basket, drilling, plate pickup and pot picking to train high-quality behavior cloning
policies with over 50 degrees of freedom.

to their easy-to-use internal body tracking systems [29, 75]. However we find that

wrist tracking is often jittery and the finger tracking is inaccurate. To mitigate this,

SteamVR [106] uses LiDAR which provides less noisy estimates, but requires external

tracking devices which doesn’t allow for data collection for mobile robot setups. For

even higher fidelity readings, there is work that uses motion capture and reflective

marker-based approaches such as Vicon or Optitrack[108] but they are extremely

expensive and difficult to setup. An aspect of motion capture technology that has

been used in robot learning in recent years are wearable gloves [70, 98, 99, 110] for

hand tracking which records human fingertip position using EMF sensors. We use

the accuracte Manus Meta glove as part of our system. [71]

For arm tracking, researchers in the robotics community have been recently using

joint-level teleoperation for 2-finger grippers [114, 117]. Wu et al. [114]. They find

4



2. BiDex: Learning from Real-World Demonstrations

that a low-cost 3D printed scaled teacher arm model that has the same kinematic link

structure of a large robot arm can be used for accurate and effective teleoperation.

These methods only provide one DOF of finger tracking instead of the twenty two

plus DOF of the human hand. Our key insight is to develop a system that combines

this joint-based arm tracking along with a Mocap fingertip glove to achieve accurate

low-cost teleoperation of an arm and hand system.

Our contribution is BiDex, a system for dexterous low-cost teleoperation system

for bimanual hands and arms in-the-wild in any environment. To operate, the user

wears two motion capture gloves and moves naturally to complete everyday dexterous

tasks. The gloves captures accurate finger tracking to map motions naturally to

the robot hands. The GELLO [114] inspired arm tracking accurately tracks the

human wrist position and joint angles for the robot arm. The data collected by the

system can be used to train effective policies using imitation learning, after which the

bimanual robot system can perform the task autonomously. BiDex costs around $6k
for a pair of Manus gloves and few hundred dollars for the arm teleoperation which

works for many existing robot arms. Even including the robot arms ($8k xArms x2)

and robot hands used in our demonstration ($3k LEAP Hand V2 x2), the total cost is

under $30k. We compare the accuracy and speed of data collection to other commonly

used systems: the VR headset and SteamVR. We release videos of our results and

instructions to recreate the setup on our website at https://bidex-teleop.github.io

2.1 Related Work

Robot Arm Teleop Many common approaches to teleoperation include using

joysticks, space mouses [67], vision-based methods, [87, 100], and VR headsets

[5, 29, 75] which control arms with inverse kinematics. Joint based teleoperated

control has been used in areas such as kinesthetic teaching, Brantner and Khatib

[9], ABB YuMi [63] and Da Vinci Machines [34], and recently [35, 118] introduced a

low-cost version of this with mirroring Trossen Robot arms. GELLO [114] uses light

and inexpensive teacher arms that are 3D printed to control full size robot arms, a

system we use in our BiDex due to its lost-cost, accurate, portable design.

Robot Hand Teleop The high dimensionality makes tracking human hands

particularly difficult. To control robot hands, many vision-based techniques such as

5
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2. BiDex: Learning from Real-World Demonstrations

[37, 81, 100] do not require specialized equipment but are not that accurate. Shadow

Hand developed a professional system that uses SteamVR and two gloves to control

two Shadow Hands [96]. Recently, bimanual robot hands and tracking have become

accessible for academic labs. Dexcap uses LEAP Hand [98] and tracks the human

with gloves and a SLAM-based robot camera. [110] Hato uses a VR headset and

controller to control two 6 DOF Psyonic Hands [66, 78]. A key question in controlling

robot hands is how to map the human hand configuration to robot hand joints.

These papers introduce inverse kinematics based methods that optimize pinch grasps

between the human and robot hands [37, 81, 100, 110].

Motion Capture Motion capture and graphics contributions often are useful

in the robotic teleoperation domain. Outside-in mocap approaches use external

sensing technology to track the human body or other objects in the scene. SteamVR

uses external lasers and worn wireless laser receivers. [106] Vicon-based systems use

reflective balls and external cameras to track. Inside-out approaches such as XSens

[73] or Rokoko suit rely on IMUs on the body but these often drift over time and

require recalibration [66, 89]. For hand data, many vision-based approaches such as

Frankmocap [91] return MANO [90] parameters which can be converted to robot

hand joint angles.

Learning from Expert Demonstrations Recently the robot learning com-

munity has seen notable success in learning from demonstrations driven by the

development of imitation learning algorithms [20, 69]. Complementing these advances,

significant efforts have been made to scale up robotic datasets to facilitate more

capable robotic systems [25, 55, 74, 109]. Despite these efforts, acquiring robotics

data remains an expensive and challenging endeavor. To address these issues, develop-

ments in low-cost hardware have been instrumental in democratizing access to robotic

technology, enabling more widespread research and application [21, 35, 101, 118].

However, these systems are primarily focused on simple gripper functionalities; and

the challenge of achieving more intricate dexterity and intuitive control in robotic

systems motivates our bimanual dexterous teleop system.

6



2. BiDex: Learning from Real-World Demonstrations

2.2 Bimanual Robot Hand and Arm System

We present BiDex, a system that allows any operator to effortlessly teleoperate a

bimanual robot hand and arm setup. BiDex is designed to be exceptionally precise,

affordable, low-latency, and portable, enabling control of any human-like pair of

dexterous hands, even those with over 20 degrees of freedom. It achieves accurate

tracking of the human hand using a Manus VR glove-based system [71] and human

arm tracking through a GELLO-inspired system [114]. We outline the process for

sending commands and collecting data with bimanual hands in Alg.??. Importantly,

our solution functions seamlessly in both tabletop and mobile environments, as it

requires no external tracking devices and is highly portable. In Section 3.4, we

demonstrate that our system is highly intuitive, precise, and cost-effective compared

to widely used methods today, such as VR headsets and SteamVR, across two different

pairs of open-source robot hands, LEAP Hand [98] and LEAP Hand V2 [97].

2.2.1 Multi-fingered Hand Tracking

A hand tracking system must deliver accurate, low-latency joint information for

the human hand, which has over 20 degrees of freedom. Many current vision-based

tracking solutions, such as those using FrankMocap [76, 91] or VR headsets, often

face significant inaccuracies due to occlusions and varying lighting conditions, as

discussed in Section 3.4. In contrast, recent motion capture gloves that utilize EMF

sensors provide significantly more accurate tracking without being overly expensive.

They avoid the occlusion issues common in vision-based methods and offer detailed

data on the skeletal joint structure of the human hand. Additionally, these gloves

can be worn comfortably without hindering movement. In BiDex, we opt for the

Manus Glove [71], which has demonstrated reliable tracking performance without

overheating or suffering from calibration problems as seen with alternatives like the

Rokoko gloves [66, 89]. However, mapping this data from the human hand to a robot

hand remains challenging due to differences in their morphological structures. How

can we translate commands from the operator’s fingers to a robot hand that may

have a different kinematic configuration?

If the kinematic structure of the robot hand is roughly human-like, one approach

7



2. BiDex: Learning from Real-World Demonstrations

Figure 2.2: Mobile bimanual teleoperation system Left: An operator strapped into
BiDex. Right: Our bimanual robot setup including two xArm robot arms, two LEAP
Hands [98] and three cameras on an AgileX base.

would be to directly map the joint angles from human finger joints to those of the robot

hand. Although these gloves do not provide true joint angles, they can compute them

using an inverse kinematics solver applied to a standard human skeleton. However,

if the robot fingers differ significantly in size and proportions from human fingers,

the resulting motions may not align properly. The human thumb, in particular, has

a complex joint configuration that many robot hands fail to replicate accurately,

complicating intuitive thumb control. This can lead to inaccuracies in pinch grasps,

negatively impacting the reliability of task performance, as effective manipulation

heavily depends on the relative positions of the fingertips.

Previous work [37, 100] has addressed this challenge by ensuring that pinch grasps

are consistent between human and robot hands. Wang et al. [110] demonstrated that

effective mapping can be achieved by optimizing the joint positions of the fingertip

and penultimate joint (DIP) on each finger in relation to the wrist, ensuring similarity

between the human and robot hands through an SDLS IK solver [12]. We employ

the Manus gloves [71] using a similar inverse kinematics approach, which allows for

precise pinch grasps and proper thumb positioning.

8



2. BiDex: Learning from Real-World Demonstrations

2.2.2 Arm Tracking

Our system must accurately track the human wrist pose to control two robot arms.

Traditionally, various methods have been developed by both the motion capture and

robotics communities. However, many of these approaches rely on calibrated external

tracking devices which either are costly or have high latency. These external tracking

devices are also non-portable, making it hard to scale to mobile systems. Instead, we

leverage key insights from Wu et al. [114], Zhao et al. [117] which both use lighter

teacher arms attached to the human arm to control a robot arm and hand system.

Specifically we follow the GELLO system from Wu et al. [114] to teleoperate a full

size robot arms. A key question is how to mount this arm-tracking system on a

human wrist and hand. If the robot hand is mounted on the arm in a human-like

way, then the glove needs to be mounted in a human-like way on the teacher arm to

match. However, this orientation means that the human arm will be parallel with

the teacher arm and constantly collide with it. This is jarring for the operator and

uncomfortable.

In BiDex, we mount the robot hands underneath the arms in the same orientation

as if it were a gripper as in Figure 2.2. When mirroring this in the teacher arm,

the human arm and teacher arm output are perpendicular to each other and do

not collide which is more comfortable. Because of the weight of the motion capture

glove, we must adjust the teacher arm to be more robust. This includes adding a

strong bearing to the base joint of the teacher arm and adding rubber bands to bias

additional joints back to the center of the joint range.

2.2.3 Robot Configurations

Tabletop Manipulation For our tabletop setup, the robotic arms are positioned to

face each other similar to Zhao et al. [117] while the GELLO teaching arms mirror

this configuration. Compared to a side-by-side configuration like in Wang et al. [110],

this setup has three main benefits: 1) the human operators avoid collisions with the

teacher arms; 2) the setup allows better visibility of the workspace, which will be

otherwise occluded by a side-by-side robot arm configuration; 3) and finally, the robot

arms have a wider shared workspace.

Mobile Manipulation BiDex operates without the need for external tracking

9



2. BiDex: Learning from Real-World Demonstrations

Figure 2.3: All Tasks: Teleoperation of the mobile robot systems with BiDex. Top:
Picking up trash from a table and discarding it into a bin. Bottom: Grasping a chair and
moving it to align with a table.

systems and is lightweight, making it well-suited for mobile settings. The teacher

arms are mounted on a compact mobile cart. For the mobile robot, we attach two

robot arms to an articulated torso capable of moving upward to reach high objects

and downward toward the ground, similar to the PR2 [8], as shown in Figure 2.2.

The robotic assembly, which includes the arms and torso, is mounted on an AgileX

Ranger Mini, allowing for movement in any SE(2) direction [3, 115]. A secondary

operator uses a joystick to control the mobile base and manage task resets.

2.3 Experiment Setup

2.3.1 Baseline Teleoperation Approaches

Vision based VR Headset In recent years, the accessibility of low-cost VR headsets

using multi-camera hand tracking has made them popular for teleoperation such as

in [29, 75] As a baseline we use the Apple Vision Pro which returns both finger data

similar to MANO parameters [76] and wrist coordinate frame data. The finger data

10
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is used in the same way as with BiDex through inverse kinematics-based retargeting

and commanded onto the robot hands. The wrist data is reoriented, passed through

inverse kinematics and the final joint configuration is commanded to the arms.

SteamVR Tracking SteamVR, commonly used in the video gaming community

has also seen recent interest in the robotics community from industry [96] and

academia alike. [2, 70] It uses active powered laser lighthouses that must be carefully

placed around the perimeter of the workspace. Wearable pucks with IMUs and laser

receivers are worn on the body of the operator. In our experiment the operator

wears one tracker on each wrist and one tracker on their belly. The wrist position is

determined relative to the belly pose, mapped to the robot arm, and the joint angles

are computed using inverse kinematics. The hand tracking gloves are the same as in

BiDex.

2.3.2 Choice of Dexterous End-Effectors

Leap Hand LEAP Hand, introduced by Shaw et al. [98] is a low-cost, easy-to-

assemble robot hand with 16 DOF and 4 fingers. LEAP Hand introduces a novel

joint configuration that optimizes for dexterity as well as human-like grasping. We

use this hand for many experiments in the paper as it is a readily available dexterous

hand available for comparison studies.

LEAP Hand V2 We would like a hand that is smaller and more compliant than

LEAP Hand. LEAP Hand V2 is crafted to mimic the suppleness and strength of the

human hand with fingers that have a 3D-printed flexible outer skin paired with a

sturdy inner framework resembling bones. These fingers do not break but instead

bend and flex upon impact. We also introduce an active articulated palm which

integrates two motorized joints, one spanning the fingers and another for the thumb,

enabling natural tight grasping. LEAP Hand V2 contains 21 degrees of freedom and

is sized to resemble a human hand, easy to assemble and is economical. Because of

the human-like size and kinematics, it is easy to retarget to and can complete many

more dexterous tasks successfully.

11
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2.3.3 Task Descriptions

Tabletop In Handover, the robot picks up a pringles can and passes it from its

right hand to its left hand in the air. In Pour, the robot pours from a glass bottle in

one hand into a plastic cup held by the other hand. In Tabletop Cup Stack the

agent stacks one cup into another cup in the other hand.

Mobile In Transport Box, the agent moves a box from one table to another

table using two hands. In Mobile Chair Push, the agent needs to grasp a chair,

and then align it with a table. In Clear Trash, the robot clears trash from the table

into a dustbin. We visualize the chair push and clear trash tasks in Figure 2.3.

2.4 Results

We investigate BiDex teleoperating in both the tabletop scenario and in the mobile

in-the-wild scenario against a few baselines. For these comparisons, we use LEAP

Hand by Shaw et al. [98] because it is an open source easy to assemble robot hand

that is readily attainable by any robotics lab. We also use BiDex with the more

recent LEAP Hand v2, which is made of a combination of rigid and soft material and

capable of performing more complex tasks.

Completion Rate Time Taken

Handover Cup Stacking Bottle Pouring Handover Cup Stacking Bottle Pouring

SteamVR 80 85 60 17.5 16.5 15.5

BiDex 95 75 85 6.5 15.5 14.9

Table 2.1: Tabletop Teleoperation: We compare BiDex on the handover, cup stacking,
and bottle pouring tasks to one baseline method, SteamVR. BiDex enables more reliable
and faster data collection, especially for harder tasks like bottle pouring.

2.4.1 Bimanual Dexterous Teleoperation Results

BiDex provides more stable arm tracking. The teacher arm system makes

BiDex highly reliable, with minimal jitter, low latency and high uptime, making it

ideal for arm tracking. The teacher arm is lightweight and doesn’t impede the user

12
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Completion Rate Time Taken

Chair Pushing Box Carry Clear Trash Chair Pushing Box Carry Clear Trash

Vision Pro VR 75 75 50 15.0 33.7 79.8

BiDex 95 95 75 16.4 29.7 74.6

Table 2.2: Mobile Teleoperation: Completion rate and time taken averaged across 20
trials using a mobile bimanual system with LEAP Hand [98], for different tasks. BiDex is
versatile and compact enough to be adopted to successfully collect data for mobile tasks.

more than the gloves’ weight. The kinematic feedback from arm resistance is subtle

but helps operators navigate around arm singularities intuitively. As shown in Tables

2.1 and 2.2, BiDex achieves a higher completion rate in less time for teleoperators.

In contrast, the Vision Pro often experiences jittery arm tracking, complicating

the teleoperation of more demanding tasks. While low-pass filtering can mitigate this

issue somewhat, it introduces undesirable latency. Occasionally, the system may stop

functioning entirely, which can be disconcerting for users.

The SteamVR system offers wireless connectivity, allowing users to be untethered,

and it generally provides accurate tracking. However, it can experience brief episodes

of high latency or disconnections every 5-10 minutes, which can be jarring. Notably,

the SteamVR system cannot be used in mobile settings due to the need for external

tracking lighthouses to be set up around the teleoperation environment.

BiDex provides more accurate hand tracking. With BiDex, fingertip

tracking is highly accurate when using the Manus glove. When mapping to different

robots, only minor adjustments to inverse kinematics are required for operators with

varying hand sizes. The accuracy of abduction and adduction at the MCP joint

remains dependable across different conditions. These benefits are particularly crucial

in LEAP Hand V2, where precision is essential for executing more complex tasks.

In contrast, the Vision Pro can struggle with hand size variability under different

lighting conditions, making the retargeting process to robot hands more challenging.

Additionally, finger abduction and adduction estimates can be impacted by occlusions,

which complicates the performance of intricate tasks. The latency is noticeable and

can pose a significant issue for teleoperation.
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Can Handover Cup Stacking Bottle Pouring

Leap Hand 7/10 14/20 16/20

Table 2.3: Imitation learning: We train ACT from [117] using data collected by BiDex
and find that our system can perform well even in this 44 dimension action space. This
demonstrates that our robot data is high quality for training robot policies.

2.4.2 Training Dexterous Visuomotor Policies with BiDex

To verify that the data that is collected by our system is high quality and useful for

machine learning we train single task closed loop behavior cloning policies.

Specifically, we train an action chunking transformer from [117] with a horizon

length of 16 at 30hz using pretrained weights from [26] on around 50 demonstrations.

The state space is the current joint angles of the robot hand and the images from

the camera. The action space in the case of LEAP Hand is 16 dimensions for each

hand and 6 dimensions for each arm for a total of 44 dimensions. During rollouts, the

behavior of the policies are very smooth, exhibiting the high quality of the teleop data.

In tasks such as the YCB Pringles can [13] handover, we even see good generalization

of the policy to different initial locations of the can.

2.4.3 Extreme Dexterity using LEAP Hand V2

To push BiDex to its dexterous limits, we use LEAP Hand V2: an extremely dexterous

21 DOF hybrid low-cost hand which is explained in Section 2.3.2.

Drill Lift Pot Bottle Pouring Plate Pickup

Leap Hand v2 15/20 15/20 15/20 13/20

Table 2.4: Imitation learning LEAP v2: We also train ACT using LEAP Hand v2 and
show task completion on more dexterous tasks.

To do this, we show a variety of very challenging tasks as in Figure 4.1 and

Figure 2.4. These tasks include pouring, scooping, hammering, chopstick picking,

hanger picking, picking up basket, drilling, plate pickup and pot picking. In these

experiments we find that BiDex scales well to this high DOF hand and it feels very

natural to control this soft-rigid robot hand. We provide Table 2.4 and video results

on our website at https://bidex-teleop.github.io
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Figure 2.4: Clearing the Dishes: In this task, we use BiDex to perform a long horizon
task to place bowls and spoons into a drying rack and lift the drying rack away from the
table.

2.5 Discussion and Limitations

In this paper, we introduce BiDex, a portable, low-cost and extremely accurate

method for teleoperating a bimanual, human-like robot hand and arm system. We

demonstrate the system’s applicability to both a tabletop and a mobile setting

and show its efficiency in performing bimanual dexterous tasks in comparison to

alternative approaches including SteamVR and Vision Pro. Nevertheless, our BiDex

is not without limitations. Due to the lack of haptic feedback, the human operator

has to rely on visual feedback for teleoperation and cannot feel what the robot hand is

feeling. Additionally, they cannot exert intricate force control and can only control the

kinematics of the robot hand and arm which can make it challenging for fine-grained

manipulation tasks. A promising direction in the future would be to integrate haptic

feedback into our system which will unlock further potential for collecting extreme

dexterity data.
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Chapter 3

Neural MP: Learning from

Large-Scale Synthetic Dataset

Motion planning is a longstanding problem of interest in robotics, with previous

approaches ranging from potential fields [54, 113], sampling (RRTs and Roadmaps) [49,

51, 57, 61, 103], search (A*) [39, 56, 64] and trajectory optimization [30, 95, 105].

Despite being ubiquitous, these methods are often slow at producing solutions

since they largely plan from scratch at test time, re-using little to no information

outside of the current problem and what is engineered by a human designer. Since

motion-planning is a core component of the robotics stack for manipulation, its speed,

capability and ease of use form a core bottleneck to developing efficient and reliable

manipulation systems.

On the other hand, humans can generate motions in a closed loop manner, move

quickly, react to various dynamic obstacles, and generalize across a wide distribution

of problem instances.

Rather than planning open loop from scratch, people draw on their vast amounts

of experience moving and interacting with their environment while reactively adjusting

their movements in order to quickly and efficiently move about the world. How can

we create motion planners with similar properties?

In this work, we argue that distillation at scale is the answer: we can distill the

planning process into a reactive neural policy.

The primary challenge in training data-driven motion planning is the data collec-
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Figure 3.1: Neural Motion Planning at Scale in the Real World Our approach
enables a single neural network policy to solve motion planning problems across diverse
setups; Neural MP can generate collision free motions for a wide array of unseen tasks
significantly faster and with higher success rates than traditional as well as learning-based
motion planning approaches.

tion itself, as scaling robotic data collection in real-world requires significant human

time and effort. Recently, there has been a concerted effort to scale up data collection

for robot tasks [55, 74]. However, the level of diversity of scenes and arrangement of

objects is still limited, especially for learning obstacle avoidance behavior that scales

to the real world. Constructing such setups with diverse obstacle arrangements with

numerous objects is prohibitively expensive in terms of cost and labor.

Instead, we leverage simulation, which makes it cheap and easy to obtain diverse

data, is highly scalable via parallelization, and runs significantly faster than real

world. Recent approaches have shown great promise in enabling policy learning

for high-dof robots [1, 19]. We build a large number of complex environments by

combining procedural, programmatic assets with models of everyday objects sampled

from large 3D datasets. These are used to collect expert data from state-of-the-art

(SOTA) motion planners [103], which we then distill into a reactive neural policy.
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Since this policy has seen data from 1 million scenes, it is capable of generalizing

to novel obstacles and scene configurations that it has never seen before. However,

deploying neural policies in the real world might be unsafe for the system due to the

potential of collisions. We mitigate this by using a linear model to predict future

states the robot will end up in and run optimization to ensure a safe path.

Our core contribution is a SOTA motion planner that runs zero-shot on any

environment, with more accuracy and in orders of magnitude less execution time.

We demonstrate that large scale data generation in simulation can enable training

generalizable policies that can be successfully deployed for real-world motion planning

tasks. To our knowledge, Neural MP is the first work to demonstrate that such

a neural policy can generalize to a broad set of out-of-distribution of real-world

environments, generalizing across tasks with significant variation across poses, objects,

obstacles, backgrounds, scene arrangements, in-hand objects, and start/goal pairs.

Specifically, we propose a simple, scalable approach for training and deploying fast,

generalizable neural motion planners: 1) large-scale procedural scene generation

with diverse environments in realistic configurations, 2) multi-modal sequence

modeling for fitting to sampling-based motion planning data and 3) lightweight

test-time optimization to ensure fast, safe, and reliable deployment in the real

world.

We execute a thorough real-world empirical study of motion-planning methods,

evaluating our approach on 64 real world motion planning tasks across four diverse en-

vironments, demonstrating a motion planning success rate improvements of 23% over

sampling-based, 17% over optimization-based and 79% over neural motion planning

methods. Video results available at mihdalal.github.io/neuralmotionplanner.

Figure 3.2: Visualization of Diverse Simulation Training Environments: We
train Neural MP on a wide array of motion planning problems generated in simulation,
with significant pose, procedural asset, and mesh configuration randomization to enable
generalization.
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3.1 Related Work

Approaches for Training General-Purpose Robot Policies Prior work on large

scale imitation learning using expert demonstrations [10, 11, 23, 55, 74] has shown

that large models trained on large datasets can demonstrate strong performance

on challenging tasks and some varying levels of generalization. On the other hand,

sim2real transfer of RL policies trained with procedural scene generation has demon-

strated strong capabilities for producing generalist robot policies in the locomotion

regime [1, 19].

In this work, we combine the strengths of these two approaches to produce powerful

neural motion planning policies. We propose a method for procedural scene generation

in simulation and combine it with large scale imitation learning to produce strong

priors which we transfer directly to over 64 motion planning problems in the real

world.

Procedural Scene Generation for robotics Automatic scene generation and

synthesis has been explored in vision and graphics [88, 111] while more recent work has

focused on embodied AI and robotics settings [23, 27, 50, 112]. In particular, methods

such as Robogen [112] and Gen2sim [50] use LLMs to propose tasks and build scenes

using existing 3D model datasets [28] or text-to-3D [77] and then decompose the tasks

into components for RL, motion-planning and trajectory optimization to solve in

simulation. Our method is instead rule-based rather than LLM-based, and is designed

specifically for generating data to train neural motion planners (see Sec. 3.2.1), and

demonstrates that policies trained on its data can indeed be transferred to the real

world. MotionBenchmaker [17], on the other hand, is similar to our data generation

method in that it autonomously generates scenes using programmatic assets. However,

the datasets generated by MotionBenchmaker are not realistic: floating robots, a

single major obstacle per scene and primitive objects that are spaced far apart. By

comparison, the scenes and data generated by our work (Fig. 3.2) are considerably

more diverse, containing additional programmatic assets that incorporate articulations

(microwave, dishwasher), multiple large obstacles per scene (up to 5), complex meshes

sampled from Objaverse [28], and tightly packed obstacles.

Neural Motion Planning Finally, there is a large body of recent work [14, 31, 41,

44, 83, 85, 93] focused on imitating motion planners in order to accelerate planning.
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MPNet [47, 83, 85] trains a network to imitate motion planners, then integrates this

prior into a search procedure at test time. Our method leverages large scale scene

generation and sequence modeling, enabling it to use a faster optimization process at

test time while obtaining strong results across a diverse set of tasks.

MπNets [31] trains the SOTA neural motion planning policy using procedural scene

generation and demonstrates transfer to the real world. Our approach is similar, albeit

with 1) much more diverse scenes via programmatic asset generation and complex

real-world meshes, 2) a more powerful learning architecture and multi-modal output

distributions and 3) test-time optimization to improve performance at deployment,

enabling significantly improved performance over MπNets.

3.2 Neural Motion Planning

Our approach enables generalizable neural motion planners, by leveraging large

amounts of training data generated in simulation via expert planners. The policies can

generalize to out-of-distribution settings by using powerful deep learning architectures

along with diverse, large-scale training data. To further improve the performance of

these policies at deployment, we leverage test time optimization to select the best

path out of a number of options. We now describe each of these pieces in more detail.

3.2.1 Large-scale Data Generation

One of the core lessons of the deep learning era is that the quality and quantity of data

is crucial to train broadly capable models. We leverage simulation to generate vast

datasets for training robot policies. Our approach generates assets using programmatic

generation of primitives and by sampling from diverse meshes of common objects.

These assets are combined to create complex scenes resembling real world scenarios

(Fig. 3.2), as described in Alg. 1.

Procedural Generation From Primitives How do we generate a large enough

number of diverse environments to train a generalizable policy? Hand designing

each environment is tedious, requiring significant human effort per scene, which

doesn’t scale well. Instead, we take the approach of procedural scene generation,

using a set of six parametrically variable categories - shelves, cubbies, microwaves,
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Figure 3.3: Method Overview: We present Neural Motion Planners, which consists of 3
main components. Left: Large Scale data generation in simulation using expert planners
Middle: Training deep network models to perform fast reactive motion planning Right:
Test-time optimization at inference time to improve performance.

dishwashers, open boxes, and cabinets. These categories are representative of a large

set of objects in everyday scenarios that robots encounter and have to avoid colliding

with. Each category instance is constructed using a combination of primitive cuboid

objects and is parameterized by category specific parameters which define the asset.

Specifically a category instance g is comprised of N cuboids g = {x0..xi...xN}, which
satisfy the category level constraint given by C(g). For controlled variation within

each category, we make use of parametric category specific generation functions

X(p) = {x0..xi.xN}, s.t. C(X(p)), where p specifies the size and scale of each of the

cuboids, their relative positions, and specific axes of articulation. The constraint C(.)

relates to the relative positions, scales and orientations of the different cuboids, e.g

for the microwave category the constraint ensures each of the walls are of the same

height, and that the microwave has a hinge door.

Objaverse Assets For Everyday Objects While programmatic generation can

create a large number of scenes using the defined categories, there are a large number

of everyday objects the robot might encounter that lie outside this distribution. For

example, a robot will need to avoid collisions with potted plants, bowls and utensils

while moving between locations, as shown in Fig 4.1.

To better handle these settings, we augment our dataset with objects sampled

from the recently proposed large-scale 3D object dataset, Objaverse [28]. This dataset

contains a wide variety of objects that the neural planner is likely to observe during

deployment, such as comic books, jars, record players, caps, etc. We sample these
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Algorithm 1 Procedural Scene Generation

Require: Asset category generators {Xi(p)}0,1..G
Require: Number of scenes N
Require: Max objects per scene K
Require: Collision checker Q
1: for scene 1: N do
2: Initialize scene S = {}
3: Sample number of assets k ∼ [1, ...K]
4: for asset 1:k do
5: Sample asset category g ∼ [0, ..N ]
6: Sample asset parameter p
7: Sample asset x ∼ Xg(p)
8: while Q(S, x) do
9: for each asset si in S do
10: ni = collision normal b/n x and si
11: end for
12: Effective collision normal n =

∑
ni

13: Update p so Xg(p) center is shifted along n
14: end while
15: Add asset x to scene S
16: end for
17: yield scene S
18: end for
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Objaverse assets in the task-relevant sampling location of the programmatic asset(s)

in the scene, such as between shelf rungs, inside cubbies or within cabinets.

Complex Scene Generation The scenes we use comprise combinations of the

procedurally generated assets built from primitives, and the Objaverse assets arranged

on a flat tabletop surface. A naive approach to constructing realistic scenes is to use

rejection-sampling based on collision. This involves iteratively sampling assets on a

surface, and re-sampling those that collide with the current environment. However,

as the number, size and type of objects increases, so does the probability of sampling

assets that are in collision, making such a process prohibitively expensive to produce

a valid configuration. In addition, this is biased towards simple scenes with few assets

that are less likely to collide, which is not ideal for training generalizable policies.

Instead, we propose an approach that iteratively adds assets to a scene by adjusting

their position using the effective collision normal vector, computed from the existing

assets in the scene. Please see Alg. 1 for additional details.

Motion Planning Experts:

To collect expert data in the diverse generated scenes, we leverage SOTA sampling-

based motion planners due to their (relative) speed as well as ease of application to a

wide array of tasks. Specifically, we use Adaptively Informed Trees [103] (AIT*), an

almost-surely asymptotically optimal sampling-based planner to produce high-quality

plans using privileged information, namely access to a perfect collision checker in

simulation.

How do we ensure that the planner is evaluated between points in the scene that

require it to maneuver around obstacles?

We generate tight-space configurations by sampling end-effector poses from specific

locations (e.g., inside a cubby or microwave) and by using inverse kinematics (IK)

to derive the joint pose. Tight-space configurations are sampled 50% of the time,

to ensure that we collect trajectories where the robot moves around obstacles, as

opposed to taking straight line paths between nearby free space points.

Additionally, we spawn objects grasped in the end-effectors, with significant ran-

domization including boxes, cylinders, spheres or even Objaverse meshes. Importantly,

we found that naively imitating the output of the planner performs poorly in practice

as the planner output is not well suited for learning. Specifically, plans produced by

AIT* often result in way-points that are far apart, creating large action jumps and
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sparse data coverage, making it difficult for networks to fit the data. To address this

issue, we perform smoothing using cubic spline interpolation while enforcing velocity

and acceleration limits. We found that smoothing is crucial for learning performance

as it ensures action size limits for each time-step transition.

3.2.2 Generalizable Neural Policies

We would like to obtain agents that can use diverse sets of experiences to plan

efficiently in new settings. In order to build generalizable neural motion planning

policies, we need an observation space amenable to sim2real transfer, and utilize an

architecture capable of absorbing vast amounts of data.

Observations: We begin by addressing the sim2real transfer problem, which requires

considering the observation and action spaces of the trained policy. With regards to

observation, point-clouds are a natural representation of the scene for transfer [18, 22,

31, 45], as they are 3D points grounded in the base frame of the robot and therefore

view agnostic, and largely consistent between sim and real. We include proprioceptive

and goal information in the observations, consisting of the current joint angles qt, the

target joint angles g, in addition to the point-cloud PCD.

Network Architecture: We require an architecture capable of scaling with data

while performing well on multi-modal sequential control problems, e.g. motion

planning. To that end, we design our policy π (visualized in Fig. 4.2) to be a sequence

model to imitate the expert using a notion of history which is useful for fitting

privileged experts using partially observed data [23]. In principle, any sequence

modeling architecture could be used, but in this work, we opt for LSTMs for their

fast inference time and comparable performance to Transformers on our datasets (see

Appendix). We operate the LSTM policy over joint embeddings of PCDt, qt, and g

with a history length of 2.

We encode point-clouds using PointNet++ [80], while we use MLPs to encode qt

and gt. We follow the design decisions from MπNets regarding point-cloud observa-

tions: we segment the robot point-cloud, obstacle point-cloud and the target robot

point-cloud before passing it to PointNet++. For each time-step, we concatenate the

embeddings of each of the observations together into one vector and then pass them

into the LSTM for action prediction.
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For the output of the model, note that sampling-based motion planners such as

AIT* are heavily multi-modal: for the same scene they may give entirely different

plans for different runs. As a result, we require an expressive, multi-modal distribution

to effectively capture such data, for which we use a Gaussian Mixture Model (GMM).

Specifically, Neural MP predicts a GMM distribution over delta joint angles (∆qt+1),

which are used to compute the next target joint way-point during deployment:

qt+1 = qt +∆qt+1.

As we show in our experiments, for fitting to sampling-based motion planning,

minimizing the negative log-likelihood of the GMM outperforms the PointMatch loss

from MπNets, Diffusion [93] and Action-chunking [118] (Sec. 3.4).

3.2.3 Deploying Neural Motion Planners

Test time Optimization While our base neural policy is capable of solving a wide

array of challenging motion planning problems, we would still like to ensure that

these motions are safe to be deployed in real environments. We enable this property

by combining our learned policy with a simple light-weight optimization procedure at

inference time.

This relies on a simple model that assumes the obstacles do not move and the

controller can accurately reach the target way-points. Given world state s = [q, e]

(e is the environment state), the predicted world state is s′ = [q + â, e] where â is

the policy prediction. With this forward model, we can sample N trajectories from

the policy using the initial scene point-cloud to provide the obstacle representation

and estimate the number of scene points that intersect the robot using the linear

forward model. We then optimize for the path with the least robot-scene intersection

in the environment, using the robot Signed Distance Function (SDF). Specifically, we

optimize the following objective at test time:

min
τ∼ρπθ

t=T∑
t=1

k=K∑
k=1

1{SDFqt(PCDk
O) < ϵ} (3.1)

in which ρπθ
is the distribution of trajectories under policy πθ with a linear model

as described above, PCDk
O is the kth point of the obstacle point-cloud (with max
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K = 4096 points) and SDFqt is the SDF of the robot at the current joint angles. In

practice, we optimize this objective with finite samples in a single step, computing

the with minimal objective value by selecting the path with minimal objective value

across 100 trajectories.

Sim2real and Deployment For executing our method on a real robot, we predict

delta joint way-points which we then linearly interpolate and execute using a joint

space controller. Our setup includes four extrinsically calibrated Intel RealSense

cameras (two 435 and two 435i) positioned at the table’s corners.

To produce the segmented point cloud for input to the robot, we compute a

point-cloud of the scene using the 4 cameras, segment out the partial robot cloud

using a mesh-based representation of the robot to exclude points.

We then generate the current robot and target robot point clouds using forward

kinematics on the mesh-based representation of the robot and place them into the

scene. For real-world vision-based collision checking, we calculate the SDF between

the point cloud and the spherical representation of the robot, enabling fast SDF

calculation (0.01-0.02s per query), though this method can lack precision for tight

spaces.

3.3 Experimental Setup

Figure 3.4: Sampling-based planners struggle with tight spaces, a regime in which Neural
MP performs well.
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Figure 3.5: Our policy has not been trained on this bookcase, yet it is able to insert the
book into the correct location.

In our experiments, we consider motion planning in four different real world

environments containing obstacles (check our project website). Importantly, these

are not included as part of the training set, and thus the policy needs to generalize

to perform well on these settings. We begin by describing our environment design,

then our evaluation protocol and comparisons.

Environment Design

We evaluate our motion planner on tabletop motion planning tasks which we

subdivide into environments, scenes, and configurations. We evaluate on four different

environments, with each environment containing 1-2 large receptacles that function

as the primary obstacles. For each environment, we have four different scenes which

involve significant pose variation (over the entire tabletop) of the primary obstacles,

table height randomization, as well as randomized selection, pose and orientation

of objects contained within the receptacles. For each environment, we have two

scenes with obstacles and two without obstacles. For each scene, we evaluate on four

different types of start (q0) and goal (g) angle pairs: 1) free space to free space, 2)

free space to tight space 3) tight space to free space 4) tight space to tight space.

Free space configurations do not have an obstacle in the vicinity of the end-

effector, while tight space configurations generally have obstacles on most sides of

the end-effector.

Our four environments are 1) Bins: moving in-between, around and inside two

different industrial bins 2) Shelf : moving in-between and around the rungs of a

black shelf 3) Articulated: moving inside and within cubbies, drawers and doors 4)

in-hand: moving between rungs of a shelf while holding different objects.
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3. Neural MP: Learning from Large-Scale Synthetic Dataset

Evaluation Protocol We evaluate all methods on open loop planning performance

for fairness, though our method, just like MπNets, is capable of executing trajectories

in a closed loop manner. For neural planners such as our method and MπNets, this

involves generating an open loop path by passing the agent’s predictions back into

itself using a linear model for the next state, as described in Sec. 3.2.3. We then

execute the plans on the robot, recording the success rate (SR) of collision free goal

reaching and the robot’s collision rate (CR). We follow MπNets’ definition of success

rate: reaching within 1cm and 15 degrees of the goal end-effector pose of the target

goal configuration without any collision. In practice, our policy achieves orientation

errors significantly below this threshold, 2 degrees or less.

Comparisons We propose three baselines for real-world comparisons to evaluate

different aspects of our method’s capabilities. We compare against sampling-based

motion planning, which is expensive to run but has strong guarantees on performance.

The first baseline is the expert we use to train our model, AIT* with 80 seconds of

planning time. We run this planner with the same vision-based collision checker used

by our method in the real world. AIT*-80s is impractical to deploy in most settings

due to its significant planning time. Thus, we compare to a faster variant of AIT*

with 10 seconds of planning time, which uses comparable time to our method (Note:

Our method takes 3s to plan, but AIT*-3s is unable to find a plan for any real world

task).

Next, we compare against Curobo [105], a SOTA motion-generation method which

performs GPU-parallelized optimization and is orders of magnitude faster than AIT*.

We run this baseline with a voxel-based collision checker and optimize its voxel

resolution per task due to its sensitivity to that parameter. Finally, we compare

against the SOTA neural motion planning approach, MπNets, both with and without

test-time optimization (TTO).

3.4 Experimental Results

To guide our evaluation, we pose a set of experimental questions. 1) Can a single

policy trained in simulation learn to solve complex motion planning tasks in the real

world? 2) How does Neural MP compare to SOTA neural planning, sampling-based

and trajectory optimization planning approaches? 3) How well does Neural MP
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Bins Shelf Articulated Avg. SR Avg. CR
Sampling-based Planning :

AIT*-80s [103] 93.75 75.0 50.0 72.92 0
AIT*-10s (fast) [103] 75.0 37.5 25.0 45.83 2.08
Optimization-based Planning :

Curobo [105] 93.75 81.25 62.5 79.17 2.08

Neural :

MπNets [31] 18.75 25.0 6.25 16.67 18.75
MπNets (with TTO) [31] 18.75 25.0 6.25 16.67 14.58

Ours-Base Policy 81.25 75.0 43.75 66.67 33.33
Ours 100 100 87.5 95.83 4.17

Table 3.1: Neural MP performs best across each scene free-hand motion planning task,
demonstrating greater improvement as the task complexity grows.

extend to motion planning tasks with objects in-hand? 4) Can Neural MP perform

dynamic obstacle avoidance? 5) What are the impacts key ingredients of Neural MP

have on its performance?

Free Hand Motion Planning In this set of experiments, we evaluate motion

planning while the robot’s hand is empty (Table 3.1). We find that our base policy

on its own performs comparably to AIT*-80s (66.67% vs. 72.92%) while only using

1s of planning time. When we include test-time optimization (3s of planning), we

find that across all three tasks, Neural MP achieves the best performance with a

95.83% success rate. In general, we find that Bins is the easiest task, with the

sampling/optimization-based methods performing well, Shelf is a bit more difficult as

it requires simultaneous vertical and horizontal collision avoidance, while Articulated

is the most challenging task as it contains a diverse set of obstacles and tight spaces.

Neural MP performs well across each task as it is trained with a diverse set of objects

that cover the types of real-world obstacles we encounter and it also incorporates

complex meshes which cover the irregular geometries of the additional objects we

include.

In our experiments, MπNets performs poorly across the board. We attribute this

finding to 1) MπNets is only trained on data in which the expert goes from tight spaces

to tight spaces, which means it fails to generalize well to start/goal configurations in
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free space and 2) the end-effector point matching loss in MπNets fails to distinguish

between 0 and 180 degree rotations of the end-effector, so the network has not learned

how to match ambiguous target end-effector poses. Note, even if we change the

success rate metric for MπNets to count 180 degree flipped end-effector poses as

successes as well, the average success rate of MπNets only improves from 16.67%

to 29.17% - it is still far below the other methods. 3) MπNets is a deterministic

policy, so test-time optimization yields limited improvement. Meanwhile, failure cases

for AIT* and Curobo are tight spaces for which vision-based collision checking is

inaccurate and the probability of sampling/optimizing for a valid path is low. In

contrast, our method performs well on each task, generalizing to 48 different unseen

environment, scene, obstacle and joint configuration combinations.

In-Hand Motion Planning In this experiment, we extend our evaluation to motion

planning with objects in-hand, a crucial capability for manipulation. We evaluate

Neural MP against running the neural policy without test time optimization and

without including any Objaverse data, achieving 81% performance vs. 31% and 44%.

We visualize an example trajectory in Fig. 3.4, 3.5. Our method performs well on

in-distribution objects such as the book and board game, but struggles on out of

distribution objects such as the toy sword, which is double the size of objects at

training time.

We additionally deploy our method on significantly out of distribution objects

such as the bookcase (Fig. 3.5) and find that Neural MP generalizes well to in-hand

motion planning tasks such as inserting the book in the right rung.

This experiment also serves as an ablation of our method, demonstrating the

importance of test time optimization on out of distribution scenarios. For these tasks,

the base policy performance results in a large number of collisions as two of the

in-hand objects are out of distribution (sword and board game), but the optimization

step is able to largely remove them and produce clean behavior that reaches the target

without colliding. Additionally, this experiment demonstrates that the Objaverse

data is crucial for the success of our method in the real world. Models trained only

on cuboid-based parametric assets fail to generalize to the complexity of the real

world (43.75%) while those trained on Objaverse perform well (81.25%), highlighting

the importance of incorporating Objaverse meshes into scene generation.

Dynamic Motion Planning In many real-world scenarios, the environment may
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Global Hybrid Both Average

MPNet [83]

Hybrid Expert 41.33 65.28 67.67 58.09
MπNets [31]

Global Expert 75.06 80.39 82.78 79.41
Hybrid Expert 75.78 95.33 95.06 88.72
EDMP [93]

Global Expert 71.67 82.84 82.79 79.10
Hybrid Expert 75.93 86.13 85.06 82.37

Ours

Global Expert 77.93 85.50 87.67 83.70
Hybrid Expert 76.33 97.28 96.78 90.13

Table 3.2: Comparison of neural motion planning methods across 5400 test problems in the
MπNets dataset in simulation. Neural MP achieves the highest success rates on these tasks.

be changing as the motion planner is acting. We test how well Neural MP can

motion plan in such settings by introducing obstacles into the environment while

the motion planner is moving to a goal. We evaluate the motion planner on four

different goals with three different added obstacles (drawer, monitor and pot). To

handle dynamic obstacles, we run the neural motion planner closed loop and perform

single-step test-time optimization. We compare against MπNets and find that Neural

MP performs 53% better (63.33% vs. 10%), performing particularly well on the

drawer and pot object while struggling on the monitor object which is significantly

taller. We also qualitatively evaluate Neural MP on two significantly more challenging

motion planning tasks in which we continuously move the obstacle into the robot’s

path and demonstrate that it can adjust its behavior to avoid collisions while reaching

the goal.

Comparisons to Learning-based Motion Planners We next evaluate how Neural

MP compares to two additional learning-based methods, MPNets [83] and EDMP [93]

(a Diffusion-based neural motion planner) as well as MπNets [31] in simulation. We

compare these three neural motion planning methods in simulation trained on the

same dataset (from MπNets) of 3.27 million trajectories. We train policies on the

Global expert data and the Hybrid datasets and then evaluate on 5400 test problems
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across the Global, Hybrid and Both solvable subsets. We include numerical results

Tab. 3.2, with numbers for the baselines taken from the EDMP and MπNets papers.

We find that across the board, Neural MP is the best learning-based motion planning

method, outperforming both EDMP and MπNets. We attribute this to the use of

sequence modelling, the ability of the GMM to fit multimodal data and test-time

optimization to prune out any collisions.

Data Scaling In order to understand the scaling of our method with data we evaluate

how performance changes with dataset size. To do so, we train models with 1K

trajectories, 10K trajectories and 100K trajectories. In these experiments, we train

with subsets of our overall dataset and evaluate on held out simulation environments

which are not sampled from the training distribution.

While performance with a thousand trajectories is weak (15%), we find rapid

improvement as we increase the orders of magnitude of data (10K - 50%, 100K - 65%),

with the model trained on 1M trajectories achieving 80% success rate on entirely held

out tight-space shelf and bin configurations, demonstrating that our method scales

and improves with data.

Ablations We run ablations of components of our method (training objective, model

architecture) in simulation to evaluate which have the most impact. For each ablation

we evaluate performance on held out scenes. For training objective, we find that

GMM (ours) outperforms L2 loss, L1 loss, and PointMatch Loss (MπNets) by (7%,

12%, and 24%) respectively. On the model architecture side, LSTM policy (ours)

achieved comparable performance to the Transformer variant (Table 3.3), while with

significantly faster inference time (2x). Hence we opt to use LSTM policies for our

experimental evaluation.

Neural MP-MLP Neural MP-LSTM Neural MP-Transformer Neural MP-ACT

65.0 82.5 85.0 47.5

Table 3.3: Success rates of different architecture choices.

3.5 Discussion and Limitations

In this work, we present Neural MP, a method that builds a data-driven policy for

motion planning by scaling procedural scene generation, distilling sampling-based
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motion planning and improving at test-time via refinement. Our model demonstrably

improves over the sampling-based planning in the real world, operating 2.5x-20x

faster than AIT* while improving by over 20% in terms of motion planning success

rate. Notably, our model generalizes to a wide distribution of task instances and

demonstrates favorable scaling properties. At the same time, there is significant

room for future work to improve upon, our model 1) is susceptible to point-cloud

quality, which may require improving 3D representations via implicit models such as

NeRFs [72], 2) does not still handle tight spaces well, a capability which could be

potentially acquired via RL fine-tuning of the base policy.
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Chapter 4

DRP: Moving Beyond Data

Experts

To operate in natural human environments like homes and kitchens, robots must

navigate safely in fast-changing, partially observable settings. This demands an

intuitive understanding of robot’s own physical presence within the world. At the

core of this capability is collision-free motion generation. Motion generation can

operate beneath high-level policy layers such as VLMs or behavior cloning agents,

ensuring that the robot’s actions remain both safe and physically feasible.

To achieve this, robots have traditionally relied on motion planning approaches.

Search-based methods, such as A* [38] and AIT* [102], are capable of finding globally

optimum solutions, but they assume complete knowledge of the environment and

static conditions. Due to their long execution times, these planners are typically run

offline to generate fixed open-loop trajectories that the robot executes, limiting their

performance in avoiding dynamic obstacles. Reactive controller-based approaches [6,

53, 86, 107], such as Riemannian Motion Policies (RMP) [86] and Geometric Fabrics

[107], offer reactive collision avoidance in dynamic scenes. However, these approaches

lack global scene awareness and often become trapped in local minima in complex

environments [32].

An alternative is to formulate motion generation as a visuo-motor neural policy

that maps raw visual observations directly to actions. Unlike open-loop planners, a

learned visuo-motor policy continuously processes live sensory inputs—such as point
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clouds—to adapt its behavior on the fly without requiring known models of the scene.

This real-time closed loop adaptability is crucial in scenarios where the goal becomes

temporarily obstructed by dynamic obstacles or during sudden environmental changes.

Generating such visuo-motor neural policies requires a robust training methodology.

Several works have proposed using traditional motion planners to produce ground

truth trajectories to serve as supervision for training [24, 32, 33, 82]. Unfortunately,

prior methods such as MπNet [32] have only demonstrated limited success in simple

settings and often fail to generalize to unseen environments, constraining their

broader applicability. More recent efforts, like NeuralMP [24], attempt to address

these generalization issues by introducing test-time optimization to correct for policy

inaccuracies. While this improves accuracy, it requires runtime search before execution,

sacrificing the reactivity necessary for fast-changing environments.

Our method, Deep Reactive Policy (DRP), is a visuo-motor neural motion policy

designed for reactive motion generation in diverse dynamic environments, operating

directly from point cloud sensory input. At the core of DRP is IMPACT (Imitating

Motion Planning with Action-Chunking Transformer), a transformer-based neural

motion policy. First, we pretrain IMPACT on 10 million motion trajectories generated

in diverse simulation environments leveraging cuRobo [104], a state-of-the-art GPU-

accelerated motion planner. Next, we finetune IMPACT with an iterative student-

teacher method to improve the policy’s static obstacle avoidance capabilities. Finally,

we integrate a locally-reactive goal-proposal module, DCP-RMP, with IMPACT to

further enhance dynamic reactivity. Altogether, we call our approach Deep Reactive

Policy (DRP), enabling the policy to generalize from learned experiences and develop

an intuitive understanding of the changing environment.

Our core contributions are:

• We scale up motion data generation to train IMPACT, a novel end-to-end

transformer-based neural motion policy conditioned on point cloud observations.

• We further improve IMPACT’s obstacle avoidance performance via finetuning

with iterative student-teacher distillation.

• We enhance IMPACT’s dynamic obstacle avoidance performance via a locally

reactive goal-proposal module, DCP-RMP.

We evaluate DRP on both simulation and real-world environments, featuring complex
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Figure 4.1: We present Deep Reactive Policy (DRP), a point cloud conditioned motion
policy capable of performing reactive, collision-free goal reaching in diverse complex and
dynamic environments.

obstacle arrangements and dynamic obstacles. DRP consistently outperforms previous

state-of-the-art motion planning methods, as detailed in Section 4.3. Video results

available at deep-reactive-policy.github.io.

4.1 Related Work

4.1.1 Global Planning Methods

Global planners generate collision-free trajectories by exploring the full state space,

offering asymptotic completeness and optimality. Search-based methods like A* [38]

and its variants [56, 64, 65] guarantee optimality under admissible heuristics but

scale poorly in high-dimensional continuous domains due to discretization. Sampling-

based planners such as PRM [52], RRT [60], and their extensions [7, 36, 57, 61, 102]

improve scalability and efficiency through continuous-space sampling and informed

exploration. Trajectory optimization methods [30, 95, 119] refine trajectories via

continuous optimization but are sensitive to initialization and local minima. Recent

work, cuRobo, advances trajectory optimization with GPU parallelization. However, it

still plans from scratch for each new problem and relies on accurate collision checking,

limiting its applicability in real-world and dynamic environments. In contrast, our
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method overcomes these challenges by learning from diverse planning data and directly

generating actions from raw point cloud inputs.

4.1.2 Locally-Reactive Methods

Locally reactive controllers generate collision-free motion by steering toward goals

while avoiding nearby obstacles [6, 53, 86, 107]. Though effective in dynamic settings,

they often get trapped in local minima within cluttered environments [32]. We address

this by training a neural policy on globally aware planners, enabling it to produce

globally feasible motion even in complex scenes while retaining closed-loop reactivity.

4.1.3 Learning-based Methods

Neural networks run efficiently at inference time, and have been widely used to

accelerate motion planning. A line of work augments classical motion planners with

learned components that bias sampling [16, 59, 82, 116], guide search [43, 84] or

initialize optimization [40]. These hybrid approaches preserve the robustness of

classical planning while leveraging learning to improve sample efficiency and planning

speed, particularly in high-dimensional or constrained scenarios. In contrast, more

recent methods [15, 46, 94] generate feasible motion trajectories directly, handling

dynamic constraints, capturing multimodal distributions, and incorporating scene-

specific costs without explicit planning at inference.

While effective, these methods often rely on ground-truth states, known obstacle

geometry, or open-loop trajectory prediction without closed-loop reactivity. To

overcome these limitations, recent approaches develop end-to-end policies that operate

directly on point clouds, facilitating real-world deployment without the need to

perform scene reconstruction. MπNets [32] and MπFormer [33] use supervised learning

on point cloud inputs, achieving strong in-distribution results, but struggling to

generalize due to limited training diversity. NeuralMP [24] improves generalization

through scene and obstacle randomization, but relies on slow test-time optimization,

limiting real-time performance. Our method addresses both issues, providing robust

generalization and fast closed-loop execution.
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4.2 Method

We present Deep Reactive Policy (DRP), a neural visuo-motor policy that enables

collision-free goal reaching in diverse, dynamic real-world environments. An overview

of the full system architecture is shown in Figure 4.2.

At the core of DRP is IMPACT, a transformer-based policy that generates joint

position targets conditioned on a joint-space goal and live point-cloud input. IMPACT

is trained in two phases. First, it undergoes pretraining via behavior cloning on a

large offline dataset with over 10M trajectories generated by cuRobo [104], a state-

of-the-art optimization-based motion planner. While this pretraining demonstrates

strong global planning potential, the resulting policy often incurs minor collisions, as

the kinematic expert trajectories neglect robot dynamics.

Subsequently, we enhance IMPACT’s static obstacle avoidance using student-

teacher finetuning. The teacher combines the pretrained IMPACT policy with

Geometric Fabrics [107], a state-based closed-loop controller that excels at local

obstacle avoidance while respecting robot dynamics. Since Geometric Fabrics relies

on privileged obstacle information, we distill its behavior into a fine-tuned IMPACT

policy that operates directly on point-cloud inputs.

To further boost reactive performance to dynamic obstacles during deployment,

DRP utilizes a locally-reactive goal proposal module, DCP-RMP, that supplies

real-time obstacle avoidance targets to the fine-tuned IMPACT policy.

4.2.1 Large-Scale Motion Pretraining

To enable supervised pretraining of a motion policy that can learn general collision-

free behavior, we generate diverse and complex training scenes paired with expert

trajectory solutions. While we largely follow the data generation pipeline introduced

in [24], we replace AIT* with cuRobo as the expert motion planner. Due to its

GPU acceleration, cuRobo allows us to scale data generation to 10 million expert

trajectories.

We also introduce challenging scenarios where the goal itself is obstructed by the

environment and thus physically unreachable. In these cases, we modify the expert

trajectory to stop the robot as close as possible to the goal without colliding with
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Figure 4.2: Deep Reactive Policy (DRP) is a visuo-motor neural motion policy
designed for dynamic, real-world environments. First, the locally reactive DCP-RMP
module adjusts joint goals to handle fast-moving dynamic obstacles in the local scene.
Then, IMPACT, a transformer-based closed-loop motion planning policy, takes as
input the scene point cloud, the modified joint goal, and the current robot joint
position to output action sequences for real-time execution on the robot.

the blocking obstacle. This scenario is critical to include, as in dynamic settings,

obstacles like humans may temporarily block the target, and the robot must learn to

avoid collisions even when the goal cannot be immediately reached.

We then train with this data using IMPACT (Imitating Motion Planning with

Action-Chunking Transformer), a transformer-based neural motion policy architecture.

IMPACT outputs joint position targets, conditioned on the obstacle point cloud

Ps ∈ RNs×3, robot point cloud Pr ∈ RNr×3, current joint configuration qc ∈ R7, and

goal joint configuration qmg ∈ R7.

During training, point cloud inputs are generated by uniformly sampling points

from ground-truth mesh surfaces in simulation. During real-world deployment, scene

point clouds are captured using calibrated depth cameras. We also replace points

near the robot in the captured point cloud with points sampled from its mesh model,

using the current joint configuration to ensure an accurate representation of its state.

To reduce computational complexity and enable real-time inference, we use set

abstraction from PointNet++ [79] to downsample the point clouds and generate

a smaller set of latent tokens. Specifically, the scene and robot point clouds are

converted into tokens zs ∈ RKs×H and zr ∈ RKr×H , where Ks < Ns and Kr < Nr.

The current and target joint angles are encoded using MLPs to produce zc, zmg ∈ RH ,
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respectively. Each input is paired with a learnable embedding: es, er, ec, emg ∈ RH ,

which are added to the corresponding tokens to form the encoder input.

The decoder processes S learnable action tokens A ∈ RS×H , using the en-

coder output as memory. The decoder outputs a sequence of S delta joint actions

[q̄1, q̄2, . . . , q̄S] ∈ RS×7, which are supervised using a Mean Squared Error (MSE) loss

against the ground-truth actions [q1, q2, . . . , qS]:

LBC =
1

S

S∑
i=1

||qi − q̄i||2

These delta actions are then converted into absolute joint targets and sent to the

robot’s low-level controller for real-time execution.

4.2.2 Iterative Student-Teacher Finetuning

Joint Goal  qg
Joint Position  q

Geometric Fabrics πf qe

Refined Joint 
Position Targets

Student Joint 
Position Targets

Scene Point Cloud

qs

Teacher Policy

Joint Pos Target qb

IMPACT πs
Student Policy

IMPACT πb

Update every 10K gradient steps

Privileged Scene Model

Figure 4.3: The IMPACT policy is combined with a locally reactive Geometric Fabrics
controller to enable improved obstacle avoidance. This combined teacher policy is
then distilled into a point-cloud conditioned student policy.

Pretraining IMPACT on our dataset provides a strong globally-aware motion

policy, already outperforming prior state-of-the-art neural methods (see Section 4.3.1).

However, since the expert trajectories generated offline from cuRobo are purely

kinematic, they fail to capture robot dynamics and controller behavior, resulting in

frequent collisions at deployment.

To enhance the policy’s ability to understand robot dynamics and further improve
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static obstacle avoidance, we improve IMPACT via iterative student-teacher finetuning.

Since many of the pretrained policy’s failure cases stem from minor collisions with

local obstacles, we can remedy these mistakes by passing IMPACT’s joint position

outputs into Geometric Fabrics [107], a state-of-the-art controller that excels at local

obstacle avoidance.

Geometric Fabrics uses ground-truth obstacle models to follow joint targets while

avoiding nearby obstacles and respecting dynamic constraints like joint jerk and

acceleration limits. Since it relies on privileged information, we apply student-teacher

distillation in simulation to refine our point-cloud-based IMPACT policy [92].

We initialize the student policy πs with the pretrained IMPACT policy from

Section 4.2.1. The teacher policy also starts with the pretrained IMPACT policy πb,

which outputs an action chunk of joint position targets. We take the first action in

this chunk, qb, as an intermediate goal and pass it to Geometric Fabrics πf , which

refines it into improved targets qe = πf (obs, qb). These refined targets then supervise

updates to the student policy πs. To ensure scalability, the entire process runs in

parallel using IsaacGym [68]. Since Geometric Fabrics requires signed distance fields

(SDFs) for obstacle avoidance, we precompute them offline in batch for static scenes.

Notably, we avoid using cuRobo as the expert during finetuning, as it would require

planning at every simulation step across all vectorized environments—rendering it

computationally impractical.

During distillation, we keep πb frozen within the teacher policy to maintain

stable objectives. After 10000 gradient steps, the fine-tuned student replaces πb, and

the process repeats. This iterative procedure progressively improves local obstacle

avoidance while preserving strong global planning capabilities. The full process is

illustrated in Figure 4.3. This iterative student-teacher finetuning improves the

success rate over the pretrained model by 45%, as shown in Table 4.1.

4.2.3 Riemannian Motion Policy with Dynamic Closest

Point

While IMPACT’s closed-loop nature allows it to implicitly handle dynamic environ-

ments—making decisions at every timestep—its performance degrades in particularly

challenging scenarios, such as when an object moves rapidly toward the robot. This
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Figure 4.4: DRPBench introduces five challenging evaluation scenarios in simulation
and real. In addition to complex Static Environments (SE), we propose Suddenly
Appearing Obstacle (SAO) where obstacles appear suddenly ahead of the robot,
Floating Dynamic Obstacles (FDO) where obstacles move randomly throughout
the environment, Goal Blocking (GB) where the goal is obstructed and the robot
must approach as closely as possible without colliding, and Dynamic Goal Blocking
(DGB) where the robot encounters a moving obstacle after getting to the goal.

limitation arises because dynamic interactions are absent from both the pretraining

dataset and the student-teacher finetuning phase, as generating expert trajectories for

non-static scenes would require re-planning after every action, which is computation-

ally infeasible for both cuRobo and our vectorized Geometric Fabrics implementation.

To explicitly enhance IMPACT’s dynamic obstacle avoidance during inference,

we introduce a Riemannian Motion Policy (RMP) layer. This non-learning based

component uses local obstacle information to enable highly reactive local obstacle

avoidance. Specifically, RMP acts as a goal-proposal module, modifying the original

joint-space goal qg into a new goal qmg that prioritizes avoidance when dynamic

obstacles approach. This adjusted goal is then passed to IMPACT. Notably, because

IMPACT is already trained with global scene awareness, focusing RMP solely on

local dynamic obstacles does not compromise the global goal-reaching performance.

However, RMP traditionally requires ground-truth obstacle models and poses

to generate joint targets for reactive avoidance, limiting its real-world deployability.

To overcome this, we propose Dynamic Closest Point RMP (DCP-RMP)—an RMP

variant that operates directly on point cloud inputs. At a high level, DCP-RMP
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DRPBench
MπNets Dataset

SE SAO FDO GB DGB

With privileged information:
AIT* [102] 40.50 0 0 0 0 89.22
cuRobo [104] 82.97 59.00 39.50 0 3.00 99.78

cuRobo-Vox [104] 50.53 58.67 40.50 0 2.50 -
RMP [86] 32.97 46.0 49.50 71.08 50.50 41.90

MπNets [32] 2.50 0.33 0 0 0 65.18
MπFormer [33] 0.19 0 0 0 0 30.02
NeuralMP [24] 50.59 33.16 19.00 0 0.25 –

IMPACT (no finetune) 58.25 47.33 13.50 46.50 0 66.27
IMPACT 84.60 86.00 32.00 66.67 0.25 83.71
DRP (Ours) 84.60 86.00 75.50 66.67 65.25 83.71

Table 4.1: Quantitative results on DRPBench and MπNets Dataset. DRP outperforms
all classical and learning-based baselines across diverse settings, particularly excelling in
dynamic and goal-blocking tasks. While optimization methods like cuRobo succeed in static
scenes, they struggle under dynamic conditions. DRP’s combination of architectural im-
provements, fine-tuning, and reactive control (via DCP-RMP) enables robust generalization
and superior performance, especially in scenarios requiring fast adaptation.

identifies the closest point in the point cloud belonging to a dynamic obstacle and

generates repulsive motion to steer the robot away.

Specifically, we implement DCP-RMP by first extracting the dynamic obstacle

point cloud using a KDTree, which efficiently performs nearest-neighbor queries

between the current and previous frame point clouds to identify moving points. We

then compute the minimal displacement xr between the robot and nearby dynamic

obstacles and derive a repulsive acceleration to increase this separation. Finally, we

adjust the original joint goal qd by virtually applying this repulsive signal, yielding the

modified goal qmg that prioritizes dynamic obstacle avoidance. Detailed mathematical

formulations are provided in the Appendix.

While the modified joint goal may sometimes intersect with static obstacles,

rendering it physically unachievable, IMPACT has been trained on scenarios where

the goal configuration is in collision with the scene and learns to stop safely in front

of obstacles instead.
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4.3 Experiment Setup and Results

To comprehensively evaluate DRP’s reactivity and robustness, we design DRPBench,

a set of challenging benchmark tasks in both simulation and the real world. These

tasks target three critical real-world challenges for robot motion generation: navigating

cluttered static environments, reacting swiftly to dynamic obstacles, and handling

temporarily obstructed goals with caution and precision.

We report quantitative results and address the following key questions: (1) How

does DRP perform compared to state-of-the-art classical and learning-based motion

planners? (2) What are the individual contributions of DRP’s architectural design,

student-teacher fine-tuning, and DCP-RMP integration? (3) Can DRP generalize

effectively to real-world environments, especially those exhibiting significant domain

shift from training?

4.3.1 Simulation Experiments and Results

For the simulation experiments, DRPBench comprises over 4000 diverse problem

instances, with examples shown in Figure 4.4. Further details about tasks are

provided in the Appendix. In addition to DRPBench, we also test on the MπNets

benchmark [32] in a zero-shot manner without additional training. We use success rate

as the primary metric, where a trial is successful if the robot reaches the end-effector

goal pose within position and orientation thresholds without collisions.

Classical methods fail in dynamic and goal-blocking scenes. Sampling-

based planners such as AIT* completely fail in dynamic environments, achieving 0%

success on all such tasks despite extended planning horizons. Optimization-based

approaches like cuRobo and RMP perform significantly better in static settings—e.g.,

82.97% and 32.97% on Static Environment (SE), respectively—but degrade in harder

scenarios. cuRobo drops to 3.00% on Dynamic Goal Blocking (DGB), where the goal

is temporarily obstructed. In contrast, RMP achieves 50.50% on DGB, motivating

its integration into DRP as a reactive control module. Still, DRP surpasses RMP

significantly on tasks except for Goal Blocking (GB), underscoring the benefit of

combining learning with reactive control.

Architectural design and training diversity enables generalization. Learning-
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based models trained on narrow datasets—such as MπNets and MπFormer—fail to

generalize to out-of-distribution scenes, achieving only 0–2.5% on the DRPBench

tasks. NeuralMP performs better, but it relies on test-time optimization (TTO)—a

process that adapts trajectories post-hoc during deployment which only helps in

Static Environment (SE) and struggles in reactive contexts. However, even without

finetuning, IMPACT outperforms other learning-based methods due to its more

expressive, scalable architecture and training on a more diverse dataset—without

relying on post-hoc techniques.

Fine-tuning surpasses data generation method. DRP is pretrained using

trajectories from a classical planner (cuRobo), but it significantly exceeds this source’s

performance. This is because we filter for successfully planned trajectories during

data generation and we apply a student-teacher fine-tuning stage that distills and

refines action generation beyond the original data. The result is a policy that not

only inherits useful behaviors but generalizes more effectively across complex settings.

IMPACT also performs well in static and dynamic environments that require fine

local control. It achieves 86.00% on Suddenly Appearing Obstacle (SAO) and 66.67%

on Goal Blocking (GB), where precise maneuvers near occluded or blocked targets

are critical. These results validate the strength of closed-loop visuo-motor imitation

in spatially constrained environments.

DCP-RMP boosts dynamic performance. DRP’s integration of DCP-RMP

adds fast local responsiveness, yielding strong results in fully dynamic tasks: 75.50%

on FDO and 65.25% on DGB. In contrast, using IMPACT alone drops to 32.00%

and 0.25% on the same tasks, while cuRobo reaches only 39.50% and 3.00%. These

gains highlight the necessity of combining high-level learning with reactive modules

to handle dynamic obstacles and shifting goals in real time. We further evaluate the

impact of the DCP-RMP module by adding it to various baseline methods. As shown

in Table 4.2, DCP-RMP improves performance across all dynamic tasks, regardless

of the underlying method.

4.3.2 Real-World Experiment Results

Our real-world benchmark mirrors the five simulation tasks, but introduces out-of-

distribution, semantically-meaningful obstacles like a slanted shelf and tall drawer, as
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FDO DGB

Has DCP-RMP? ✗ ✓ ✗ ✓

cuRobo [104] 39.50 51.50 3.00 54.50

NeuralMP [24] 19.00 34.00 0.25 20.75

IMPACT 32.00 75.50 0.25 65.25

Table 4.2: DCP-RMP is method-agnostic.

SE SAO FDO GB DGB

cuRobo-Vox 60.00 3.33 0 0 0

NeuralMP [24] 30.00 6.67 0 0 0

IMPACT 90.00 100.00 0 92.86 0

DRP (Ours) 90.00 100.00 70.00 92.86 93.33

Table 4.3: Success Rate (%) on Real-world
tasks.

shown in Figure 4.1. For example, in one dynamic goal blocking (DGB) task, the

robot must wait in front of a drawer, avoid a human operator, and reach in once

it opens. The benchmark includes over 50 real-world instances, with two to four

calibrated Intel RealSense D455 RGB-D cameras capturing the scene.

As seen in Table 4.3, DRP significantly outperforms classical and learning-based

baselines in real-world settings. On tasks like Static Environment (SE) and Static

Appearing Obstruction (SAO), both DRP and IMPACT achieve near-perfect success

rates, far exceeding cuRobo-Vox and NeuralMP, which degrade severely under noisy

perception. On the more challenging Goal Blocking (GB) task, both DRP and

IMPACT reach 92.86%, while cuRobo and NeuralMP fail completely. The biggest

difference appears on Floating Dynamic Obstacle (FDO) and Dynamic Goal Blocking

(DGB) where IMPACT fails to solve, highlighting the value of DCP-RMP for reactive

behavior. Even though being trained entirely in simulation, DRP adapts well to

real-world settings.

4.4 Conclusion

We introduced Deep Reactive Policy (DRP), a scalable, generalizable framework for

closed-loop motion generation in complex and dynamic environments. At its core is

IMPACT, a transformer-based visuo-motor policy trained on large-scale motion data

and refined via student-teacher finetuning. DRP learns directly from point cloud

inputs to produce collision-free, globally coherent actions while remaining robust to

partial observability and environmental changes. Extensive evaluations in both simu-

lation and real-world settings show DRP consistently outperforms prior learning-based

and classical planners, especially in scenarios requiring reactive adaptation. While

IMPACT addresses most planning challenges end-to-end, incorporating lightweight

reactive modules like DCP-RMP further boosts performance in highly dynamic scenes.
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To support ongoing research, we will release all datasets, models, and benchmarks.

4.5 Limitations

DRP relies on reasonably accurate point cloud observations for effective planning.

Although the policy is robust to a certain degree of noise and partial observability,

performance may degrade under severe perception failures. Our multi-camera setup

helps mitigate this issue, but may not be suffice for tasks in narrow environments with

frequent occlusions. Leveraging RGB or RGB-D inputs could improve performance

for more unstructured environments.

Our experiments are limited to a single embodiment—the Franka Panda—and we

do not evaluate on other robot platforms. This limitation stems from the challenges

in scaling our current pipeline to multiple embodiments. In future work, we aim to

address this by either generating separate planners for each robot or training a single

DRP policy that generalizes across embodiments.
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Chapter 5

Conclusions

This thesis presents a data-driven framework for learning generalizable robotic policies

at scale. We systematically explore how to collect diverse demonstrations, leverage

them for training, and design policies that operate robustly across tasks and settings.

Through BiDex, we enable scalable collection of real-world demonstrations with a

low-cost and portable teleoperation setup. These demonstrations allow us to train

visuomotor policies for complex bimanual manipulation. We then show that large-

scale simulated motion planning data can be distilled into compact neural policies

(Neural MP) that generalize to unseen environments.

To address the limitations of naive imitation learning, we propose DRP, which

leverage online finetuning and additional reactive control module to achieve stronger

performance and generalization.

Across these components, we demonstrate that data-driven learning can enable

dexterous and generalizable robot policies. Looking forward, promising directions

include integrating world models to enable long-horizon reasoning and task gener-

alization, and augmenting imitation learning with online reinforcement learning for

continual adaptation and improved robustness. Ultimately, we hope this work con-

tributes to a broader vision of robots that learn and generalize like humans—through

experience, feedback, and large-scale interaction with the world.

49



5. Conclusions

50



Bibliography

[1] Ananye Agarwal, Ashish Kumar, Jitendra Malik, and Deepak Pathak. Legged
locomotion in challenging terrains using egocentric vision. In Conference on
robot learning, pages 403–415. PMLR, 2023. 3, 3.1

[2] Ananye Agarwal, Shagun Uppal, Kenneth Shaw, and Deepak Pathak. Dexterous
functional grasping. In Conference on Robot Learning, pages 3453–3467. PMLR,
2023. 2.3.1

[3] AgileX Robotics. Ranger mini. https://global.agilex.ai/products/

ranger-mini, 2023. Omnidirectional mobile robot platform. 2.2.3

[4] Ilge Akkaya, Marcin Andrychowicz, Maciek Chociej, Mateusz Litwin, Bob Mc-
Grew, Arthur Petron, Alex Paino, Matthias Plappert, Glenn Powell, Raphael
Ribas, et al. Solving rubik’s cube with a robot hand. arXiv preprint
arXiv:1910.07113, 2019. 2

[5] Sridhar Pandian Arunachalam, Irmak Güzey, Soumith Chintala, and Lerrel
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