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Visual Imitation Learning methods have the potential to general-

ize across diverse tasks and environments but often encounter chal-

lenges in acquiring large and diverse datasets due to the high costs of

real-world data collection. This dissertation introduces Targeted Gen-

erative Augmentation, a systematic approach designed to generate

data that closely mimics real-world distributions. This method aims

to effectively diversify the initial dataset that robots are more likely

to encounter, thereby bridging the data scarcity gap.

In this thesis, I present realistic data generation techniques that

help robots generalize to unseen scenarios. The dissertation outlines

three main approaches: Static Targeted Augmentation for Visual Di-

versity, Dynamic Targeted Augmentation for Physical Realism, and

Contextual Targeted Augmentation for Real-World Scene Generation.

These methods generate data with visual realism and the complex-

ity of the real world, which help to bootstrap the robot policy and

improve generalization in unfamiliar environments.
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I N T R O D U C T I O N

Humans interact with the world through a complex integration of sen-

sory experiences and actions, primarily relying on visual cues to nav-

igate and manipulate their environment. This intuitive human ability

to learn directly from visual information motivates the development

of robotic systems that can similarly learn to react and interact with

the environment through direct visual perception. Visual imitation

learning aims to enable robots to observe their surroundings and pre-

dict potential interactions by processing sequences of images or video

frames. This method leverages human expert demonstrations to teach

robots different manipulation skills given the observation of the robot

environment.

To train robots to autonomously execute a series of tasks, expert

data is typically collected through demonstrations by human opera-

tors. The observation space in visual imitation learning usually con-

sists of visual inputs such as RGB images or depth maps, representing

the robot’s view of the environment, while the action space is defined

by specific movements a robot should perform, often represented as

a series of robot joint angles or sequences of end-effector poses.

However, data collection methods that typically use kinesthetic teach-

ing and teleoperation can be expensive and time-consuming, signif-

icantly restricting our ability to efficiently collect large-scale data in

diverse environments. This is crucial because having access to diverse

and comprehensive data sets is essential for enabling robot policies

to generalize effectively in unseen scenarios.

Given these constraints, it is essential to explore alternative strate-

gies for expanding the initial datasets without expensive new data

collection. As shown in Figure 1, Augmentation is a widely used ap-

proach that typically involves techniques such as rotating, scaling, or

cropping images to artificially increase the dataset’s size and vari-

1
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Figure 1: Starting with a small amount of expert data from a limited range
of scenes, data augmentation is a technique that automatically pro-
duces a more varied dataset. Can the expanded dataset be effec-
tively used to train a robot policy and generalize better at unseen
scenarios?

ability. Additionally, augmentation sometimes may also include ran-

domly generating layouts or inserting random background images

to further diversify the scenarios. The goal of the augmentation is to

expand the initial dataset and train robots to generalize better at unfa-

miliar situations. However, prior methods tend to focus narrowly on

the initial data distribution and barely extend to more diverse scenar-

ios. Moreover, they often fail to accurately represent the real-world

distributions that a robot might encounter, resulting in limited gener-

alizable behaviors in unseen scenarios.

Figure 2: Illustration of Targeted Generative Augmentation: Collecting data
from real-world robots is both costly and time-consuming. To ad-
dress the complexities of the real world (indicated by the narrow
pink region), one way to cheaply generate data is through tradi-
tional data augmentation such as random crops which does not
introduce new semantic diversity (shown in the orange region).
Another common strategy is to use a random or procedural gen-
eration but these approaches may not accurately reflect the real-
world distribution. We propose targeted generative augmentation
(shown in green region), which utilizes the initially limited set of
robot data to emulate real-world conditions better.
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In this dissertation, I introduce the concept of Targeted Generative

Augmentation, as illustrated in Figure 2, an approach that aims to

generate data that closely mimics real-world distribution. The goal of

this method is to augment the initial dataset more effectively that a

robot is more likely to encounter. In the following chapters, I will

explore the potential benefits of targeted generative augmentation

across a range of tasks in robot learning.

In Part I: Static Targeted Augmentation for Visual Diversity, I

show how Targeted Generative Augmentation can be effectively used

to diversify the observation space of the robot, enabling it to gener-

alize better in previously unseen scenarios. In particular, I propose

GenAug, a system that semantically augments the scenes in a control-

lable way by introducing variances such as new textures, distractor

objects and backgrounds that are close to real-world scenarios. This

controlled augmentation data is used to train the robot and improve

its performance to generalize to entirely unseen environments.

In Part II: Dynamic Targeted Augmentation for Physical Realism,

I discuss how to apply targeted augmentation to not only diversity

static observations but also actively refine their actions in the robot

grasping settings, by leveraging targeted augmentation with simula-

tion. Particularly, I introduce ISAGrasp, a method that automatically

generates diverse object shapes from an initial small dataset, as well

as their corresponding successful grasping poses. This is achieved by

applying a correspondence-aware generative model and leveraging

simulation to effectively produce physically accurate data from a lim-

ited initial set of Mocap data.

In Part III: Contextual Targeted Augmentation for Real-World

Scene Generation, I explore a challenging direction in the setting of

realistic content generation. I discuss how Targeted Generative Aug-

mentation can be conditioned on real images, ensuring that the gener-

ated dataset aligns more closely with real-world distributions. Specif-

ically, I introduce URDFormer, a pipeline that predicts the detailed

kinematic structure of articulated objects and scenes directly from

RGB images. This allows large-scale generation directly from internet

images, making simulation content creation significantly faster and
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more scalable. By training robots in these real-world-inspired sim-

ulated environments, we can train a more robust robot policy that

transfers better in real-world settings.
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B A C K G R O U N D A N D R E L AT E D W O R K

Visual Policy Learning In the realm of robot learning, the choice of

data modality is critical for achieving generalization. Vision data be-

came particularly important because it captures intricate details nec-

essary for complex tasks such as spatial reasoning and object ma-

nipulation. visual data can effectively form the backbone of effective

robotic control policies, as shown by recent works [39, 47, 49, 88, 102,

103, 113, 136, 167]. One key step in training a generalizable visual

policy for robots is to collect and train on diverse data such that

the policies are robust and adaptable to understanding and interact-

ing with their environment effectively. Recent studies have explored

ways to expand the volume and variety of visual data for robot learn-

ing. A significant portion of this research is centered on gathering

and analyzing data directly generated by robots [10, 173]. However,

these works typically involve only a limited number of distinct en-

vironments, posing challenges for the robots to generalize effectively

across a broader spectrum of unfamiliar scenes. A substantial body

of research also focuses on learning image representations beyond

robot demonstration data such as large-scale videos and images [83,

103, 120]. Moreover, several studies have focused on using language

to learn representations from videos [98, 172].

Data Augmentation In the absence of diverse data, a promising

direction is finding ways to inject structure directly into learned mod-

els for widespread generalization. The most widely used technique

is various forms of data augmentation [133], such as cropping, shift-

ing, noise injection and rotation. These methods have been used in

many robot learning approaches and provide a significant improve-

ment in data efficiency [7, 26, 71, 134]. For example, [169] investigate

different augmentation modes in Meta-learning settings. In addition,

several methods attempt to enforce geometric invariance through ar-

5
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chitectural innovations such as [149] and [31]. While these methods

can provide a local notion of robustness and invariance to perceptual

noise, they do not provide generalization to novel object shapes or

scenes. In a similar vein, domain randomization is used in robotics,

where predefined parameters such as lighting, camera are random-

ized during training[144, 146] in order to learn a policy that is in-

variant to these parameters. However, this randomization does not

aid with generalization to novel object shapes. It is essential to have

an augmentation approach that can diversify the initial data while

maintaining realism.

Leveraging Simulation Data and Scene Generation A natural so-

lution to this problem is to leverage simulation data [30]. However,

while this method is efficient at generating a large quantity of data, it

can be challenging to create diverse content (objects meshes, physics,

layouts, and visual appearances), and often the resulting simulations

exhibit a significant gap from reality. To address this issue, domain

randomization [144, 146] varies multiple simulation parameters in or-

der to boost the effectiveness of trained policies in the real world.

Randomization of lighting and camera parameters during training

can allow a policy to be invariant to the effects of lighting and visual

perturbations in the real world. Physics parameters of the scene can

also be randomized to transfer policies trained in simulation to the

real world [143]. While effective, challenges in creating a simulation

with visual and physical realism for every task and behavior severely

restrict the applicability of these methods to isolated known tasks

and limited diversity. Furthermore, they require the user to define

augmentation parameters and their ranges which can be very non-

trivial for complex tasks [3, 50]. On the other hand, inverse graphics

is a well-studied and rich field of study looking to infer the properties

of a scene from images (or videos) of the scene of interest. A variety

of work focuses on inferring scene properties such as geometry, light-

ing, and other geometric properties from single images [6]. This work

has both been optimization-based [2] and learning-based[109]. In a

similar vein, a rich body of work [129] focuses on mesh reconstruc-

tion and novel view synthesis using a variety of techniques such as
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implicit neural fields [93, 110, 171], Gaussian splatting [65, 81], dif-

ferentiable rendering [63, 76, 107] amongst many other techniques.

Importantly, the focus of many of these works on inverse graphics

has been on geometric reconstruction rather than our focus on scene-

level simulation construction complete with kinematic and semantic

structure like object relationships and articulation. There have been

a number of efforts in inferring physical properties such as articu-

lation [55, 160, 161], friction and surface properties [5, 72, 112, 157],

although these typically require either interaction or video access. In

contrast, our work focuses less on exact geometry reconstruction but

rather on generating correct scene statistics at the articulation/kine-

matics/positioning level for entire scenes or complex objects from

single RGB images. As opposed to these methods, the goal is not just

a slow and expensive process for a single scene, but a fast genera-

tion process that can scale to generate hundreds of scenes with nat-

ural statistics. Importantly, this generation process does not require

interaction or targeted data collection per domain. Generating indoor

scenes is a long-standing problem in computer vision and machine

learning. This has been approached by building learned generative

models of indoor scenes [58, 66, 74, 124] and floorplans [56, 106, 150],

while others have produced text-to-scene models [14, 15]. While gen-

erating scenes this way can be promising, these methods either fail

to achieve the targeted generation of complex scenes with articula-

tion and complex kinematic structure intact or require extremely ex-

pensive inference processes to do so. On the other hand, procedural

generation techniques have been popular in generating grid-world

environments [34, 37, 42, 67] and in generating home environments

at scale [29]. These scenes are diverse and often rich, but are not con-

trollable to particular target scenes or are not able to generate scenes

complete with physical properties and articulation. Other techniques

such as [27, 75] are able to generate large datasets of more interactive

scenes but require interactive scanning with either a phone or other

hardware for dataset generation specific to indoor scenes.

Asset Creation for Robot Manipulation Constructing realistic and

diverse assets for robot learning and control has been an important
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goal for many years. Early efforts [53] used geometric approaches

to reconstruct static 3D scenes. Recently learned approaches [65, 93,

109] have in some cases improved the accuracy and visual realism of

these approaches. While these techniques can offer incredible visual

realism, they do not usually produce articulated models that allow

for dynamic interaction.

To address this, many prior works have explored utilizing assets

that are manually curated [28, 70, 141, 159], procedural-generated [29,

166], or scanned from the real world [78, 90, 158], to train robot ma-

nipulation policies. While the learned policies are supposed to apply

directly to test scenes, there could be challenging scenes in which the

systems fail to faithfully recognize and interact with the scene due to

the scene complexity or sim-to-real gaps. In our work, we resort to

a targeted system that first reconstructs a URDF given the test scene

and then performs scene-specific training to learn a specialized model

in the scene. There is also a rich body of literature on building digital

twins of articulated objects from the real world, either based on pas-

sive visual observations such as 2D multi-view images or videos [54,

77, 117, 154, 164], 3D RGB-D, depth images or point clouds [1, 152,

155, 163], full-scene 3D scans [27, 75, 89], or through interactive per-

ception which requires few-shot interactions with the object [55, 61,

64, 82, 108, 138]. While in some cases, these methods can successfully

produce high quality models, they require either video, depth sens-

ing or interaction with the objection which is more difficult to aquire

and is rarely available in online internet data.



Part I

S TAT I C TA R G E T E D A U G M E N TAT I O N F O R

V I S U A L D I V E R S I T Y

"Logic will get you from A to B. Imagination will

take you everywhere."

— Albert Einstein

In this chapter, we present GenAug, a semantic data aug-

mentation framework that leverages pre-trained text-to-

image generative models to train a generalizable robot

policy. Visual imitation learning often requires a heavy

burden on data collection by human experts. GenAug ad-

dresses this challenge by automatically generating "aug-

mented" RGBD images that display the visual complex-

ity and diversity that a robot might encounter in the real

world. Particularly, given a dataset of image-action exam-

ples obtained from a human expert, GenAug leverages a

diffusion model to modify object textures, shapes, and

backgrounds, while ensuring physical consistency with

the original scene. By training language-conditioned pol-

icy on this augmented dataset, GenAug enables a notable

improvement in generalization capabilities across differ-

ent tasks, allowing them to perform at entirely unseen

real-world environments, even when provided with only

a limited number of demonstrations collected in a sin-

gle, simple environment. This contains material originally

published as “GenAug: Retargeting behaviors to unseen

situations via Generative Augmentation” at RSS ‘23[19].
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G E N A U G : G E N E R AT I V E A U G M E N TAT I O N F O R

R E A L - W O R L D D ATA C O L L E C T I O N

Demo Environment

Augmented Training Environments Zero-Shot Real-World Test Environments 

Put the mouse box in the basket Put the mouse box in the basket Put the mouse box in the black box

Put the mouse box in the basket Put the mouse box in the green bowl Put the white plate in the basket

Put the mouse box in the basket

Put the mouse box in the box Put the mouse box in the bowl

Put the mouse box in the basket Put the waffle maker in the tray

GenAug
Zero-Shot

Deployment

Figure 3: An illustration of the problem setting for our proposed system
GenAug. GenAug takes a small set of image-action demonstration
data on a robotics problem like tabletop pick-and-place and gener-
ates a diverse set of augmented image observations to supplement
the real-world demonstration dataset. These augmented observa-
tions add semantically meaningful visual diversity in objects, dis-
tractors, and backgrounds while maintaining functional invariance
of the actions. Training on this augmented training set leads to sig-
nificant improvements in policy generalization, without requiring
additional data collection.

3.1 background

While robot learning has often focused on the search for optimal be-

haviors [73, 101] or plans [119], the power of learning methods in

robotics comes from the potential for generalization. While techniques

such as motion planning or trajectory optimization are effective ways

to solve the policy search problem in highly controlled situations such

as warehouses or factories, they may fail to generalize to novel scenar-

ios without significant environment modeling and replanning [40].

On the other hand, techniques such as imitation learning and rein-

forcement learning have the potential for widespread generalization

without significant environment modeling and replanning, especially

when combined with deep neural network function approximators

[11, 62, 84].

10
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Let us consider this question of learning from human demonstra-

tions [114]. While imitation learning methods circumvent the chal-

lenges of exploration, these methods often impose a heavy burden on

data collection by human supervisors. Human demonstrations are of-

ten collected by expensive techniques such as on-robot teleoperation

or kinesthetic teaching, which limit the amount of real-world data

that can be collected. Beyond the sheer quantity of data, the rigid-

ity of most robotics setups makes it non-trivial to collect diverse data

in a wide variety of scenarios. As a result, many robotics datasets

involve a single setup with just a few hours of robot data. This is in

stark contrast to the datasets that are common in vision and language

problems [32, 130], both in terms of quantity and the diversity of the

data. Given how important large-scale data has been for generaliza-

tion in these domains, robot learning is likely to benefit from access

to a similar scale of data.

Data augmentation can provide a way to improve model general-

ization, but these techniques typically perform augmentation in low-

level visual space, performing operations such as color jitter, Gaus-

sian blurring, and cropping, among others. While this may help with

generalization to low-level changes in scene appearance, they are un-

able to handle large semantic differences in the scene such as distrac-

tors, background changes, or object appearance changes. In this work,

we aim to provide semantic data augmentation to enable broad robot

generalization, by leveraging pre-trained generative models. While

on-robot data can be limited, the data that pre-trained generative

models are exposed to is significantly larger and more diverse [32,

130]. Our work aims to leverage these generative models as a source

of data augmentation for real-world robot learning. The key idea of

our work builds on a simple intuition: demonstrations for solving one

task in one environment should still largely be applicable to the same

task in new environments despite the visual changes in scenes, back-

ground, and object appearances. The small amount of on-robot expe-

rience provides demonstrations of the desired behavior, while a gen-

erative model can be used to generate widely varying visual scenes,

with diverse backgrounds and object appearances under which the
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same behavior will still be valid. Furthermore, since such generative

models are trained on realistic data, the generated scenes are visually

realistic and extremely diverse. This allows us to cheaply generate

a large quantity of semantically augmented data from a small number

of demonstrations, providing a learning agent access to significantly

more diverse scenes than the purely on-robot demonstration data. As

we show empirically, this can lead to widely improved generalization,

with minimal additional burden on human data collection.

We present GenAug, a semantic data augmentation framework that

leverages pre-trained text-to-image generative models for real-world

robot learning via imitation. Given a dataset of image-action exam-

ples provided on a real robot system, GenAug automatically gener-

ates “augmented" RGBD images for entirely different and realistic

environments, which display the visual realism and complexity of

scenes that a robot might encounter in the real world. In particu-

lar, GenAug leverages language prompts with a generative model to

change object textures and shapes, adding new distractors and back-

ground scenes in a way that is physically consistent with the original

scene, for table-top manipulation tasks with a real robot.

We show that training on this semantically augmented dataset signif-

icantly improves the generalization capabilities of imitation learning

methods on entirely unseen real-world environments, with only 10

real-world demonstrations collected in a single, simple environment.

In summary, our key contributions are:

1. We present a general framework for leveraging generative mod-

els for data augmentation in robot learning.

2. We show how this framework can be instantiated in the context

of tabletop manipulation tasks in the real world, building on

the framework of CLIPort introduced in [135].

3. We demonstrate that GenAug policies can show widespread

real-world generalization for tabletop manipulation, even when

they are only provided with a few demonstrations in a simple

training environment.
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4. We provide a number of ablations and visualizations to under-

stand the impact of various design decisions on learned behav-

ior.

Figure 4: GenAug provides the ability to augment the scene by changing
the object texture (first row), changing the background (second
row), adding distractors (third row) and changing object categories
(fourth row). In addition to image augmentation, we can consis-
tently augment their depth, as shown in last row.

3.2 method

In this section, we will describe the problem statement we consider

in our semantic data augmentation technique - Generative Augmen-

tation (GenAug), show how generative models can conceptually be

used to inject semantic invariances into robot learning and instanti-

ate a concrete version of this setup for learning policies for tabletop

robotic manipulation tasks.



3.2 method 14

3.2.1 Problem Formulation

In this work, we consider robotic decision-making problems, specifi-

cally in robotic manipulation. For the sake of exposition, let us con-

sider prediction problems where an agent is provided access to sen-

sory observations o ∈ O (e.g. camera observations) and must predict

the most appropriate action a ∈ A (e.g. where to move the robot

arm for picking up an object). The goal is to learn a predictive model

fθ : O → ∆A (where ∆A denotes the simplex over actions) that pre-

dicts a distribution over actions such that the action a ∼ fθ(.|o) is able

to successfully accomplish a task when executed in the environment.

In this work, we will restrict our consideration to supervised learning

methods for learning fθ(.|o). We will assume that a human expert pro-

vides a dataset of optimal data D = {(o0,a0), (o1,a1), . . . , (oN,aN)},

and learn policies with standard maximum likelihood techniques

[135, 170]:

max
θ

E(o,a)∼D [log fθ(a|o)] (1)

This training process is limited to the training dataset D that is ac-

tually collected by the human supervisor. Since this might be quite

limited, data augmentation methods apply augmentation functions

q : O×A× Z → O×A which generate augmented data (o ′,a ′) =

q(o,a, z); z ∼ p(z), where different noise vectors z generate differ-

ent augmentations. This could include augmentations like Gaussian

noise, cropping, and color jitter amongst others [7, 26, 111, 134]. Given

an augmentation function, an augmented dataset can be generated

Daug = D∪ {(o ′,a ′)i}
M
i=1, where M ≫ N, and then used for maximum

likelihood training of fθ(a|o). Typically these augmentation functions

q are not learned but instead hand-specified by an algorithm designer,

with no real semantic meaning. Instead, they impose invariances to

the corresponding disturbances such as color variations, rotations

and so on to help combat overfitting. Next, we describe how gen-

erative models can be leveraged for semantic data augmentation.
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3.2.2 Leveraging Generative Models for Data Augmentation

While data augmentation methods typically hand-define augmenta-

tion functions (o ′,a ′) = q(o,a, z); z ∼ p(z), the generated data (o ′,a ′)

may not be particularly relevant to the distribution of real-world data

that might be encountered during evaluation. In this case, it is not

clear if generating a large augmented dataset Daug will actually help

learned predictors f generalize in real-world settings. The key insight

in GenAug is that pretrained generative models are trained on the

distribution preal(o) of real images (including real scenes that a robot

might find itself in). This lends them the ability to generate (or mod-

ify) the training set observations o in a way that corresponds to the

distribution of real-world scenes instead of a heuristic approach such

as described in [111]. We will use this ability to perform targeted data

augmentation for improved generalization of the learned predictor

fθ.

Let us formalize these generative models as g : T × O × Z → O,

mapping from a text description, an image, and a noise vector to

a modified image o ′ = g(o, t, z); z ∼ p(z). This includes commonly

used text-to-image inpainting models such as Make-A-Video [137],

DALL-E 2 [123], Stable Diffusion [126] and Imagen [128]. It is impor-

tant to note that since these generative models are simply generat-

ing images, they are not able to appropriately generate novel actions

a, simply novel observations o. This suggests that data generated

by these generative models will be able to impose semantic invari-

ance on the learned model fθ, i.e ensure that an equivalence group

{o,g(t1,o, z1),g(t2,o, z2), . . . ,g(tM,o, zM)} all map to the same action

a. To leverage a pretrained text-image generative model for semantic

data augmentation, we can simply generate a large set of semantically

equivalent observation-action pairs

{(o,a), (g(t1,o, z1),a), (g(t2,o, z2),a), . . . , (g(tM,o, zM),a)}

for every observation (o,a) ∈ D using the generative model g. Note

that the generative models cannot simply generate arbitrary obser-

vations g(t,o, z), but only observations that retain semantic equiva-

lence, i.e the ground truth actions for the generated augmentations
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{o,g(t1,o, z1),g(t2,o, z2), . . . ,g(tM,o, zM)} are all a. We discuss how

to actually instantiate this semantic equivalence in the following sec-

tion.

GenAug allows us to generate a large dataset of realistic data aug-

mentations, that ensures robustness to various realistic scenes that

may be encountered at test time, while still being able to perform

the designated task. Unlike typical data augmentation with the hand-

defined shifts described above, the generated augmented observa-

tions {g(t1,o, z1),g(t2,o, z2), . . . ,g(tM,o, zM)} have high likelihood

under the distribution of real images preal(o) that a robot may en-

counter on deployment. This ensures that the model generalizes to

a wide variety of novel scenes, making it significantly more practical

to deploy in real world scenarios, since it will be robust to changes

in objects, distractors, backgrounds and other characteristics of an en-

vironment. It is important to note the limitations of doing this type

of augmentation - it will not be able to generate novel actions a, but

instead generate invariances to realistic observational disturbances

o ′ = g(t,o, z) that are generated by the text-image generative model.

If not performed carefully, these augmentations can also possibly in-

validate the original action a due to factors such as physical inconsis-

tencies or collisions. Next, we discuss a concrete instantiation of this

framework in the context of tabletop robotic manipulation.

3.2.3 Instantiating GenAug for Tabletop Robotic Manipulation

We scope our discussion of GenAug for this work to tabletop rear-

rangement tasks with a robot arm. This problem has a non-trivial

degree of complexity when performed from purely visual input, es-

pecially in very cluttered and visually rich domains, and constitutes

a significant body of work in robot learning [135, 170]. In particu-

lar, we consider tasks where the observation o is a top-down view

of the scene, and the action is a spatial action map over the image,

indicating where to pick and place objects with a suction-activated

gripper. This builds on the transporter networks[135, 170] framework

for visual imitation learning. In this section, we describe how to in-
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stantiate GenAug for semantic data augmentation for these table-top

manipulation problems.

The important question to answer is — how do we use and prompt

the generative model g to generate the appropriate equivalence set

of semantically equivalent augmented states for an observation o -

{o,g(t1,o, z1),g(t2,o, z2), . . . ,g(tM,o, zM)}, such that the same action

a would apply across all of them? We leverage the fact that for a

tabletop manipulation task involving picking and placing objects, the

same actions are applicable across a wide range of visual appearances

including objects being grasped, distractor objects, target receptacles,

and backgrounds, as long as the approximate position of the object

of interest and the target remain unchanged.

Given a pick-and-place task on a tabletop, we can perform data aug-

mentations on the visual appearance of 1) the object being grasped or

the target receptacle, 2) distractor objects 3) the background or table.

We will next describe how we can use the text-to-image depth-guided

image generation for generating GenAug’s augmentations and maxi-

mize visual diversity while preserving semantic invariances for each

of these types of augmentations.

a {colorful} basket

Object Image Object Mask

Text-to-Image 
Generative Models

Augmented Image

+

Figure 5: GenAug takes the RGB image and the object mask and uses a
depth-guided diffusion model to perform in-category data aug-
mentation.

3.2.3.1 Generating Diverse Grasping Objects and Target Receptacles

Simply generating new scenes with an image generation model is un-

likely to retain the semantic invariance that we desire for in GenAug

since the images will be generated in an uncontrolled way with no

regard for functionality. To appropriately retain semantic invariance,

we propose a more controlled image generation scheme. In particu-

lar, we assume access to masks M(o) for every observation o, labeling

the object of interest and the target receptacle. Note that this is only
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needed for the small number of demonstrations that are collected,

not at inference time. To generate a diversity of visuals, we consider

augmentation both “in-category" and “out-of-category", as described

below:

Text-to-Image 
Generative Models

a {metal} bucket
+

Figure 6: GenAug randomly chooses a new object and place it at the center
of the original object to perform cross-category data augmentation

In-Category Generation For in-category generation, GenAug takes

the provided mask M(o) of the object to grasp (or the target recep-

tacle) and the original RGB image, and applies a pretrained depth-

guided text-to-image inpainting model [127] to generate novel visual

appearances for objects from the same category. To encourage diverse

visual appearances of the object, we leverage the fact that the gen-

erative model is guided by text and randomly generate novel text

prompts involving color (e.g. red, green, yellow, etc) and material

(glass, marble, wood, etc) to generate visually diverse objects. Since

the object masks remain the same, the resulting positions and shapes

are the same, thereby retaining semantic invariance.

Cross-Category Generation While in-category generation provides

a degree of visual diversity, it often falls short at generating novel

objects altogether and we must consider replacing object categories

altogether. When replacing the category of the original object Oi (e.g.

a basket) with a new object (e.g. a bucket), one potential technique

involves using inpainting models to generate images directly over

the masked object (or target receptable). However, naively applying

this technique does not generate physically plausible images since

it does not appropriately account for geometric consistency during

image generation, which causes problems for robotic manipulation.

To allow the generated images to show physical plausibility and

3-D consistency, we leverage a dataset of object meshes to assist the

generative model’s generation process. In particular, we first render

randomly scaled and sized object meshes from a different category
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without any visual detail to get the perspective correct using the same

camera pose, followed by a process of visual generation with a depth-

aware generative model, as described for an in-category generation.

The object meshes are able to ensure 3-D consistency and physical

plausibility, while the generative model allows for significant visual

diversity. We note that since we are doing top-down grasping with

a suction gripper, even cross-category generation ensures semantic

invariance leaving the point of interaction with the object largely un-

changed while boosting visual diversity.

Text-to-Image 
Generative Models

+

a medicine bottle

a plush toy

+

Figure 7: GenAug places a distractor with collision check on the table and
uses a depth-guided model to generate realistic-looking objects
that are physically plausible.

3.2.3.2 Generating Distractors with Diverse Visual Appearances

While Section 3.2.3.1 discusses how to augment the appearance of

the object to grasp and the target receptacle, real-world scenarios

are often cluttered scenes with several irrelevant distractors. GenAug

leverages the same techniques described in Section 3.2.3.1 to generate

scenes with a diversity of visual distractors. Similar to cross-object

augmentation, to add a new distractor Di, we randomly choose a

new object mesh from a family of object assets and render it on the

table, followed by visual generation with a text-to-image generative

model as described in Section 3.2.3.1. Importantly since the distrac-

tors must be generated in a way that retains semantic invariance, they

must not be in collision with the object to grasp or the target recepta-

cle. To ensure this, we compute collisions by checking for overlapping

bounding boxes (in image space) between the generated distractor Di

and masks M(o) for the object to grasp and the target receptacle and

remove this distractor if it is in collision. This ensures semantic invari-

ance while being able to generate very cluttered and diverse scenes,

as shown in Figure 7.
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Object Image Object Mask

Text-to-Image 
Generative Models

Augmented Image

+
a view inside a {kitchen}

Figure 8: GenAug takes the original RGB image and the mask of the Non-
background regions to generate different styles of background
scenes such as kitchen, living room, or restaurant.

3.2.3.3 Generating Diverse Backgrounds

To augment not just the appearances of objects, but also the back-

ground of the scene while ensuring semantic invariance, we can sim-

ply invert the process of generation in Section 3.2.3.1 and 3.2.3.2. In

particular, we can simply hold the object, target receptacle, and dis-

tractor masks fixed while asking a text-guided generative model to

generate a diverse range of backgrounds, as shown in Figure 8. Since

the object masks are all held fixed, their positions remain invariant,

while ensuring that the visual appearance of the background and ta-

ble varies widely.

GenAug leverages these three forms of semantic augmentation - 1)

visual object generation, 2) distractor generation and 3) background

generation to augment robot learning data with a large amount of

semantically invariant, yet visually diverse data. This data has a sig-

nificant overlap with the types of environments that might be encoun-

tered by a system in the real world, and as we show empirically in

Section 5.4, is able to improve the robustness and generalization of

robot learning models significantly. Once data is generated with a

combination of these three forms of augmentation, we can then sim-

ply run standard maximum likelihood techniques for learning ma-

nipulation from the augmented dataset. To enable GenAug to be an

effective tool for robot learning, we next describe the setup we used

for real-world experiments.
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3.3 system details

3.3.1 Hardware Setup

Since GenAug is instantiated in this work for tabletop manipulation,

we use a robot arm equipped with a suction gripper for all our hard-

ware experiments. In particular, we use the 6 DoF xArm5 with a

vacuum gripper manipulator, and control it directly in end-effector

space. As shown in Figure 9, we attached the xArm to the end of a

large wooden table in a brightly lit room and set up the depth camera

on a tripod on one side of the table so that it has a clear view of the

robot and any objects on the table.

GenAug requires RGBD observations of the demonstration scenes,

masks for the object of interest and the target receptacles, as well as

a calibrated camera pose. In our real-world setup, we obtain RGBD

images from an Intel RealSense Camera (D435i) and manually label

the object masks for the collected demonstrations. While the input for

GenAug is the camera observations from the RealSense camera, the

input observation and the action for the predictive model fθ operate

on a top-down view, as described in [170].

In order to guide the robot to complete the tasks in the cluttered en-

vironment, we largely build on the architecture and training scheme

of CLIPort [135], which combines the benefits of language-conditioned

policy learning with transporter networks [170] for data-efficient im-

itation learning in tabletop settings. GenAug replaces the imitation

learning dataset in CLIPort with a much larger augmented one, as

described in Section 3.3.3. Implementation details can be found in

Appendix B.

3.3.2 Demonstration Collection

To collect demonstrations, we rely on humans to collect action labels

for various pick-and-place tasks. We first project the front camera

view to a 2D top-down image and height map of the scene. The user

can manually click locations on the top-down images to indicate the
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Figure 9: An illustration of our robot experiment setup and data labeling
pipeline. A user clicks locations on a top-down view image, to
indicate pick (red) and place (green) locations in the robot space.

pick and place locations. These locations are then converted to end-

effector positions in full Cartesian space, which is then provided to a

low-level controller that uses inverse kinematics and position control.

We save the demonstration if the robot can successfully complete the

task. We collect 10 demonstrations per task and 10 tasks in total, all

in one single environment.

Table 1: Real-World Robot Experiments tested on 10 tasks. On average,
GenAug achieves 85% success rate on unseen environment, 52% on
unseen object to place, and 45% on unseen object to pick.

bowl to

Coaster

box to

basket

bowl to

bowl

plate

to tray

box to

tray

plate

to box

plate to

plate

coaster

to salt

coaster

to pan

box to

box
Average

Unseen Env 0.8 0.9 1 1 1 0.9 0.9 1 0.5 0.5 0.85

Unseen Place 0.7 1 0.5 0.3 0.6 0.3 0.4 0.4 0.4 0.6 0.52

Unseen Pick 0.2 0.6 0.5 0.6 0.7 0.3 0.3 0.7 0 0.6 0.45

3.3.3 Augmentation Infrastructure

As described in Section 3.3.1, GenAug requires object meshes to gen-

erate cross-category augmentations and distractors. To perform this

augmentation, we use 40 object meshes from the GoogleScan dataset

[36] and Free3D [41]. Of these, we choose 11 objects to augment the

original object of interest and 12 objects to augment the target recep-

tacle. Any of the remaining 38 objects are then randomly chosen as

distractors. During augmentation, we randomly select which compo-



3.4 experiment 23

Table 2: Evaluating with and without GenAug on unseen scenes collected in
the real world across 10 tasks. On average, GenAug shows notable
improvement in unseen environments and objects.

box to tray box to basket coaster to pan plate to tray bowl to coaster

env pick place env pick place env pick place env pick place env pick place

No GenAug 0.8 0 0 0.2 0.2 0 0.8 0.4 0.4 0 0 0 0 0 0

GenAug 1 0.6 1 0.6 0.6 0.8 1 0.4 0.4 1 0.4 0.2 0.6 0.6 0.6

plate to plate box to box plate to box coaster to salt bowl to bowl

env pick place env pick place env pick place env pick place env pick place

No GenAug 0 0 0.2 0.2 0 0 0.6 0.2 0 0.2 0 0.2 1 0.2 0

GenAug 1 0 0.6 0.8 0.4 0.4 1 0.8 0 1 0.4 0.4 1 0.4 1

nents (table, object texture, shape, distractors) to change to generate

the augmented training dataset. For each demonstration, we apply

GenAug 100 times resulting in 1000 augmented environments per

task. The augmented data is then passed into Cliport [135] to learn a

language-conditioned policy.

3.4 experiment

We evaluate the effectiveness of GenAug in both the real world and

simulation. Our goal is to: (1) demonstrate GenAug is practical and ef-

fective for real-world robot learning, (2) compare GenAug with other

baselines in end-to-end vision manipulation tasks, (3) investigate dif-

ferent design choices in GenAug. We will first show our results in a

real-world setting, followed by an in-depth baseline study in simula-

tion.

3.4.1 Real-world Experiment

3.4.1.1 Design of demo and test environment

To show the generalization capability of a model trained with GenAug,

we collect demonstrations of 10 tasks in one single environment and

create different styles of test environments such as "Playground", "Study

Desk", "Kitchen Island", "Garage" and "Bathroom" as shown in Figure

10. For evaluation, we randomly add and rearrange objects from each
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test style and create unseen environments. Please see Appendix A for

further details.

Figure 10: Demonstration environment and examples of test environments
used in our robot experiments.

3.4.1.2 Result

We train CLIPort with augmented RGBD and text prompts for tasks

collected in the real world and evaluate in various unseen environ-

ments. In particular, for each task, we randomly choose an environ-

ment style from Figure 10, randomly rearrange and add objects on the

table to create 10 unseen environments, 10 scenes with unseen objects

to pick, and 10 scenes with unseen objects to place. We observe that

GenAug shows a significant generalization to unseen environments

with an average of 85% success rate. On more challenging tasks of

unseen objects to pick or place, GenAug is able to achieve 45% and

52% success rates, which are expected to improve with more demon-

strations and more object meshes for augmentation.

Results for each task can be found in Table 1.

3.4.1.3 Baselines for real-world experiments

To further show the effectiveness of GenAug, we compare our ap-

proach with CLIPort trained without GenAug, shown in Table 2. To

ensure both methods are tested with the same input observations, we

evaluate the success rate by comparing the predicted pick and place
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Unseen Environments Unseen pick/place objects

Put the green bowl
 on the coaster

Put the coaster
 on the salt container

Put the red bowl
 on the blue bowl

Put the mouse box
 in the basket

Put the green bowl
 in the green tray

Put the plate
 on the salt container

Put the red bowl
 on the white napkin

Demo 
Environments

Put the yellow box
 in the basket

Put the green bowl
 on the coaster

Put the coaster
 on the salt container

Put the red bowl
 on the blue bowl

Put the mouse box
 in the basket

Figure 11: Examples of real-world experiments. Given demonstrations in
one simple environment, GenAug enables the robot to general-
ize unseen environments and objects.

affordances with ground truth locations. For each task, we evaluate

both methods on 5 unseen environments, 5 unseen objects to pick,

and 5 unseen objects to place. By averaging the success rates from Ta-

ble 2, we observe GenAug provides a notable improvement for zero-

shot generalization. In particular, GenAug achieves 80% success rate

on unseen environments compared to 38% without GenAug. On un-

seen objects to place, GenAug achieves 54% success rate compared

to 8% without. Finally, GenAug achieves 46% success rate on unseen

objects to pick compared to 10% without. We visualize and compare

the differences in their predicted affordances in Figure 12.

3.4.2 Simulation

To further study in depth the effectiveness of GenAug, we conduct

large-scale experiments with other baselines in simulation. In partic-

ular, we organize baseline methods as (1) in-domain augmentation

methods and (2) learning from out-of-domain priors, as described

below.

3.4.2.1 In-domain augmentation methods

(1) "No Aug" does not use any data augmentation techniques. (2)

"Spatial Aug" randomly transforms the cropped object image fea-

tures to learn rotation and translation equivariance, as introduced
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Figure 12: Comparison between training with and without GenAug by com-
paring pick and place affordances predicted by two models.
GenAug significantly improves generalization over unseen envi-
ronments and objects compared to training without GenAug. pick
affordances are highlighted in red, and place affordances are high-
lighted in green. Ground truth locations are represented in green
boxes

in TransporterNet [170]. (3)"Random Copy" randomly queries objects

and their segmented images from LVIS dataset [45], and places them

in the original scene. This includes adding distractors around the pick

or place objects or replacing them. Further visualization of this ap-

proach can be found in Appendix A. (4)"Background" does not mod-

ify the pick or place objects but replaces the table and background

with images randomly selected from LVIS dataset. (5)"Distractors"

randomly selects segmented images from LVIS dataset as distractors.

3.4.2.2 Learning from out-of-domain priors

In addition, we investigate whether learning from a pretrained out-

of-domain visual representation can improve the zero-shot capability

on challenging unseen environments. In particular, we initialize the

network with pre-trained R3M [104] weights and finetune it on our

dataset.

We use baselines described above with two imitation learning meth-

ods: TransportNet [170] and CLIPort [135]. Since all the baselines can-

not update the depth of the augmented images, we only use RGB

images instead of RGBD used in the original TransporterNet and CLI-
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Table 3: Baseline experiments evaluated in simulation. We compare the av-
erage performance of GenAug with other methods on 5 pick-and-
place tasks and observe GenAug provides a notable improvement
at unseen environments and objects.

Unseen Environment Unseen to place Unseen to pick

TransporterNet CLIPort TransporterNet CLIPort TransporterNet CLIPort

1 10 100 1 10 100 1 10 100 1 10 100 1 10 100 1 10 100

No Aug 4.8 8.1 9.8 11.7 14.3 14.4 15.1 30.4 52.6 39.4 40.8 44.6 8.5 34.6 54.9 46.0 67.0 64.1

Spatial Aug 11.0 12.2 8.3 23.3 16.1 26.7 44.3 50.5 65.3 26.1 36.9 50.7 53.6 57.2 66.4 38.2 56.9 80.3

Random Copy 53.1 67.0 73.5 38.2 39.8 64.3 55.1 65.4 84.9 39.7 55.9 73.9 48.3 67.0 76.1 52.5 65.0 81.0

Background 53.0 75.3 79.1 33.6 62.2 55.4 24.5 22.1 35.5 7.6 9.9 17.9 44.4 40.7 35.9 19.2 52.7 72.3

Distractors 10.1 9.7 13.7 15.4 36.2 35.8 28.2 60.7 66.0 27.5 51.8 54.3 42.5 47.4 62.3 31.0 64.0 69.1

R3M 4.1 6.0 4.8 22.2 16.8 20.9 43.5 40.6 41.9 30.9 43.5 57.5 45.6 45.7 41.1 46.7 50.7 72.7

GenAug 43.9 58.5 77.6 46.6 57.0 71.9 69.1 76.5 83.6 62.6 83.9 86.3 75.3 75.6 87.2 61.5 77.7 83.1

GenAug (Depth) 47.8 83.8 91.2 47.2 60.9 73.4 39.9 67.2 74.2 64.8 73.8 84.6 71.2 83.4 87.1 56.2 67.3 81.5

Port. For each baseline, we train 5 tasks in simulation and report their

average success rate in Table 3. We observe GenAug notably outper-

forms other approaches in most of the tasks. One interesting obser-

vation is that randomly copying and pasting segmented images or

replacing the background images can provide reasonable robustness

in unseen environments but are not able to achieve similar perfor-

mance as GenAug at unseen objects. This indicates generating phys-

ically plausible scenes that are semantically meaningful is important.

Details of tasks in simulation experiments can be found in Appendix

A.

3.4.3 Ablations

In this section, we aim to study different design choices in GenAug. In

particular, our goal is to investigate (1) how the number of augmenta-

tions affects the generalization performance to unseen environments,

(2) when GenAug will fail in real-world unseen environments. We

further justify the choice of using depth-guided models and compare

this with in-painting models in Appendix A.

3.4.3.1 Impact of the number of augmentations

Given the task "put the brown plate in the brown box" in simulation,

we apply GenAug 0, 10, 50 and 100 times and compare their success
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Figure 13: Analysis of the number of augmentation on unseen scenes.

rate on 100 scenes of "unseen environment", 100 scenes of "unseen

object to pick" and 100 scenes of "unseen object to place". As shown in

Figure 13, the performance improves as the number of augmentations

increases, which indicates the importance of using augmentation as a

way to robustify the generalization capability.

3.4.4 Failure modes

Figure 14: Failure cases observed in the real-world setting

We observe failure cases usually occur when the background color

is similar to the pick or place object. Or one of a few distractors has a

very bright color or similar color. We expect this can be improved by

increasing the number of augmentations in the training set, such that

the training data can have higher coverage of possible combinations

of the scenes.
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3.5 limitations

Action Assumption: Despite showing promising visual diversity,

GenAug does not augment action labels and reason about physics

parameters such as material, friction, or deformation, thus it assumes

the same action still works on the augmented scenes. For the aug-

mented cluttered scenes, GenAug assumes the same action trajectory

is not colliding with the augmented objects.

Augmentation and Speed: GenAug cannot guarantee visual con-

sistency for frame augmentation in a video. GenAug usually takes

about 30 seconds to complete all the augmentations for one scene,

which might not be practical for some robot learning approaches such

as on-policy RL.

3.6 future work

In the future, we are interested in extending GenAug to other grip-

pers and tasks that are beyond simple pick-and-place tasks. In partic-

ular, it would be interesting to investigate if we can train a diffusion

model that can augment robot, action and scenes together. We are also

interested in applying video diffusion models such as dreamix [97]

to ensure visual smoothness for tasks that requires temporal consis-

tency. In our current setup, we only have one front camera mounted

on a tripod. For future work, we hope to add a wrist camera on the

robot. This will give us flexibility to control the camera and find the

object. In addition, combining GenAug with the power of common

sense reasoning from LLM such as chatGPT to augment actions with

reasoning on object physics would be interesting.

3.7 summary

We present GenAug, a novel system for augmenting real-world robot

data. GenAug leverages a data augmentation approach that boot-

straps a small number of human demonstrations into a large dataset
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with diverse and novel objects. We demonstrate that GenAug is able

to train a robot that generalizes to entirely unseen environments and

objects, with 40% improvement over training without GenAug. For

future work, we hope to investigate GenAug in other domains of

robot learning such as Behavior Cloning and Reinforcement learn-

ing, and extend our table-top tasks into more challenging manipu-

lation problems. Moreover, investigating whether a combination of

language models and vision-language models can yield impressive

scene generations would be a promising direction in the future.



Part II

D Y N A M I C TA R G E T E D A U G M E N TAT I O N F O R

P H Y S I C A L R E A L I S M

"We have to remember that what we observe is not

nature herself, but nature exposed to our method of

questioning."

— Werner Heisenberg

While augmenting observation data increases the visual

diversity of the initial datasets, it can unintentionally re-

duce physical accuracy, occasionally producing augmented

data that is not physically feasible.

In this chapter, I introduce an augmentation method that

generates both diverse visual input as well as physically

accurate action data. Specifically, I present Implicit Shape

Augmented Grasping (ISAGrasp), a novel learning system

that expands a limited number of human demonstrations

into a larger dataset of realistic objects and their corre-

sponding grasps. This augmented dataset can be used to

train a policy that takes pointcloud observation and pre-

dicts final endeffector poses. I will show by combining

generative augmentation with a physics simulator, we can

effectively train a more generalizable policy and transfer

it to unseen objects in real-world settings.

This chapter contains material originally published as “Learn-

ing Robust Real-World Dexterous Grasping Policies via

Implicit Shape Augmentation ” at CoRL ‘22[18].
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I S A G R A S P : L E A R N I N G T O G E N E R A L I Z E B Y

G E N E R AT I V E S H A P E A U G M E N TAT I O N

4.1 background

Demo Retarget Augmented Dataset Robot With Unseen Objects

Train
Implicit Shape
Augmentation

Figure 15: An illustration of the training scheme in ISAGrasp. A few hu-
man demonstrations are provided from motion capture. These
demonstrations are retargeted to a four-fingered allegro robot in
simulation. We use a correspondence-aware generative model to
extrapolate the retargeted demonstrations to a large dataset of
novel objects. We use this dataset to train a single grasping policy
that is able to generalize to a variety of unseen objects in simula-
tion and real world.

Human hands are powerful tools for manipulating a wide range

of objects. Our goal is to build dexterous robotic manipulators that

can robustly and adeptly interact with human-centric environments.

However, robustly controlling a dexterous hand remains challenging

due to its high dimensional state and action space and its multi-

modal contact dynamics.

Recent work has used deep reinforcement learning algorithms to

learn complex tasks with dexterous manipulators [17, 59, 86, 87, 101,

118]. These methods often require careful reward engineering and

environment design, and often lack generalization, struggling with

robust real world deployment.

32
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An alternative paradigm involves collecting a large labelled dataset

and using supervised learning (imitation learning). This has shown

significant success with parallel jaw grippers [85, 99, 140] and suction

cups [85, 170]. However, imitation learning methods have proven dif-

ficult to scale to multi-fingered robots due to the burden of human

data collection. To scale robust policy learning to dexterous grasping,

we require techniques that can leverage a small amount of human

effort to learn robust, general grasping policies. This can be done by

extrapolating a small number of human demonstrations to generate

an abundance of data that interacts with diverse objects and is success-

ful at grasping objects under real world dynamics. The key question

is —how do we generate this type of diverse training data?

In this work, we propose Implicit Shape Augmentated Grasping (IS-

AGrasp), shown in Figure 15, a learning system that leverages a cor-

respondence aware generative model [33] to extrapolate a small num-

ber of human demonstrations to a large dataset of realistic objects

and their corresponding grasps. In particular, we directly perform de-

formations on implicit 3-D shape representations of various objects in

a learned latent space. The representation of point-wise shape defor-

mations allows us to generate transformed grasps for novel objects

that can be made successful with a small amount of active interaction

in simulation. In doing so, implicit shape augmentation allows us to

grow from a small dataset of human demonstration data for dexter-

ous grasping to a significantly larger and more diverse dataset with

novel object shapes and dynamically successful grasps.

Given the dataset constructed by implicit shape augmentation, we

can now perform large scale supervised learning. In this work, we

represent a policy as predicting a pre-grasp and a final pose from

pointclouds of the target object, with intermediate motion being per-

formed with standard motion planning libraries.

We show empirically that a policy learned via supervised learning

on the dataset constructed by ISAGrasp is able to generalize widely

across different objects in simulation and the real world.
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We demonstrate the efficacy of this pipeline on the rescaled YCB in-

stances, ShapeNet and GoogleScans objects in simulation and achieve

a 79% success rate on 22 unseen objects in the real world.

In summary, our contributions are (1) we propose a novel system,

ISAGrasp, that is able to generate both a wide variety of objects and

the corresponding dexterous grasps from a few human demonstra-

tions. (2) We show that the augmented dataset can be used for learn-

ing point-cloud based control policies that are able to robustly grasp

a large variety of novel objects in simulation (3) We demonstrate the

efficacy of the proposed pipeline by deploying it in the real world. (4)

We analyze the proposed pipeline through several ablation studies in

simulation.

4.2 method

Latent Vector

Human Demo Retarget

Rejection

Sampling

Dataset

 

Implicit 

 Augmentation
Shape 

Deformed Mesh & Grasp

Mesh & Grasp

td

GdGr

tr

Oi Odi

Gr Oi

tr

Figure 16: Implicit Shape Augmentation for generating augmented dataset
from demonstrations. First a human demonstration is retargeted
onto the Allegro hand to generate meshes and grasp labels. This
data can then be used to generate a variety of new objects
via shape augmentation with DIF-Net [33]. Grasps for these de-
formed objects can then be further refined with rejection sam-
pling to generate dynamically consistent grasps.

To learn robust grasping policies that can operate in the real world

for grasping novel objects of various shapes, we propose ISAGrasp

—a framework for supervised learning of robust and generalizable

grasping policies from successful grasps on a large variety of objects

generated from a small set of human provided expert demonstra-

tions.
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AllegroHuman
Finger Vector Object-Finger Vector Palm Orientation

Figure 17: Illustration of retargeting a human hand demonstration to an Al-
legro hand

Given a pointcloud of an object, we model a grasping policy as pre-

dicting (1) a pre-grasp pose T that controls robot hand’s translation

Tt and rotation Tq, and (2) a final pose Gf that controls the 16-DoF

finger pose that can firmly grab the object.

ISAGrasp assumes access to a set of labelled human grasping demon-

strations, can be used to learn grasping policies via supervised learn-

ing. However, to learn truly robust and general grasping policies,

this dataset must be grown to a much more diverse set of objects

and successful grasps. Generating a multi-fingered grasping dataset

of diverse yet realistic objects is a non-trivial problem [9, 69, 143].

We approach this problem by leveraging a correspondence-aware,

deformation-based generative model to widely augment the set of

human provided demonstrations, which can then be used to learn

robust and general policies via supervised learning. An overview of

our ISAGrasp system is shown in Figure 16, and we detail each com-

ponent below.
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4.2.1 Human-Robot Retargeting

dg =

N∑
i=0

∥a⃗ri − sra⃗hi
∥2 , (2)

dc =

N∑
i=0

∥c⃗ri − c⃗hi
∥2 , (3)

dr = G(Mr, Mh), (4)

(qr,fr,Mr)(wgdg +wcdc +wrdr), (5)

ISAGrasp first collects N human hand-arm demonstrations using

motion capture D={τ
h
0 , τh1 , . . . , τhN}, where each demonstration τi =

{(hi
0,oi0), (h

i
1,oi1), . . . , (hi

T ,oiT )} is a trajectory of hand pose ht and ob-

ject pose ot. These demonstrations are then “retargeted" to a 22-DoF

floating Allegro hand [125] in simulation. Note that this is a nontriv-

ial problem since these demonstrations are in the morphology of the

human hand and are typically not functional when directly mapped

to a robot hand using standard Inverse Kinematics [43].

We formulate the retargeting objective as a non-linear optimization

problem. First, to allow a robot to grasp in a similar pose to a human

demonstration, we use the same cost function proposed in DexPi-

lot [51], shown in Eq. 2, where sr is the ratio between the sizes of the

robot and human hands, and each a⃗ri and a⃗hi
is a displacement vec-

tor between finger tips and the palm of the robot and human hands,

shown as blue in Figure 17. While Eq. 2 encourages grasp shape sim-

ilarity, we additionally minimize the differences between the relative

poses to the object, as captured by the vectors between fingers and

the object center for the human grasp, c⃗ri , and the retargeted grasp,

c⃗hi
(see Eq.3 and orange lines in Fig. 17). Finally, to orient the robot

palm similar to the human hand, we add Eq. 4, which optimizes the

minimum geodesic distance G in SO(3) between the rotation matrix

of the human palm Mh and the robot palm Mr. The final retargeting

goal is to find the 22 DoF configuration that minimizes the weighted

sum of these three terms, which results in a candidate grasp Gr for

each object in a human provided dataset.
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As we describe in Section 4.2.3, the retargeted grasps are then re-

fined via a rejection sampling step and used to generate the dataset

with successful, dynamically consistent retargeted grasps. However,

since this dataset is typically quite limited, we next outline how to

augment the dataset with novel objects and grasps via implicit shape

augmentation.

4.2.2 Implicit Shape Augmentation

Given a small set of object point clouds and successful retargeted

grasps, Gr, we build a large scale augmented dataset of novel objects

and their corresponding successful grasps Gd, using a correspondence-

aware implicit generative model, DIF-Net [33].

To recap at a high level, DIF-Net aims to learn an implicit repre-

sentation of 3D shapes as a scalar field. More specifically, DIF-Net

represents a 3D shape via a instance agnostic template implicit field

(which is common for all shapes of a particular category and repre-

sent the common features of a category), together with a latent condi-

tional 3D deformation field (that perturbs this template field) which

allows the shapes to be adapted to every particular object instance

while maintaining semantic 3-D structure.

Different novel but realistic shapes can be generated by sampling

different latent vectors α and generating object deformations on known

object classes using the learned deformation and correction fields,

while maintaining semantics. This model naturally provides dense

correspondences across object instances since different object instances

are pointwise deformations on the same template.

We use this generative model in two ways: (1) leverage the ability

to sample a variety of object instances by sampling latent vectors α

to generate various novel objects via deformations and (2) the result-

ing dense correspondences allow us to estimate dynamically consis-

tent grasps from human demonstrations to novel generated objects.

Specifically, we use the latent conditional deformation field from a

pretrained DIF-Net to generate novel instances and dynamically con-

sistent grasps. To generate novel objects, we sample latent vectors
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α from a Gaussian that conditions a latent conditional deformation

field. This deformation field generates point-wise deformations of

particular object meshes chosen from the set of human demonstra-

tions to generate novel objects.

Second, to estimate the new grasps Gd for the deformed objects, we

find N reference points on the original mesh that are close to the root

position tr of the robot hand and compute the position to of the robot

relative to a local coordinate system Oi, centered at each reference

point i: toi = O−1
i · tr. Once the object is deformed, we compute the

corresponding coordinate system Od
i on the deformed meshes using

the same deformation field, to estimate the new grasp location td

using the average of the local offsets: td = 1
NΣN

i=1(O
d
i · toi ). In this

way, the dense correspondences obtained via the DIF-Net are directly

useful in generating grasps for novel, deformed object instances.

Deformation Reference Implicit Shape Augmentation

Deformation Field

Latent vector

Figure 18: Deformation map and grasping correspondences for objects gen-
erated in ISAGrasp. Grasping correspondences on the original
object (reference) and the deformed objects are highlighted in-
side the circle. As can be seen, object semantics are maintained.
Different object instances are generated by sampling different la-
tents

Figure 18 visualizes how objects and correspondences deform with

different sampled latent vectors. We highlight the reference points on

the original mesh, and their correspondences on deformed meshes

(purple circles). The objects are deformed into a variety of realistic

shapes while maintaining the original semantic structures and grasp-

ing correspondences.

Using the new grasp location td, together with retargeted orienta-

tion qr and finger pose fr, we can construct new grasps Gd(t
d,qr, fr).

While Gd are not guaranteed to be successful grasps, they provide

good starting points for the local search procedure described next.
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Figure 19: Policy network architecture. The point-net++ architecture inputs
an object point cloud p, object surface normal N⃗o, the table nor-
mal N⃗t, robot facing direction N⃗f and the pointing direction N⃗p

to generate palm translation, rotation and finger joints for the
dexterous grasp.

4.2.3 Grasp Refinement for Dynamics Consistency

Given transformed grasps Gd, we use pose perturbation with re-

jection sampling to generate successful and dynamically consistent

grasping poses. Since our shape augmentation model transforms suc-

cessful hand grasps via the 3D deformation field, we found that only

a small amount of perturbation is typically needed to find successful

grasps for the deformed models using rejection sampling. In particu-

lar, we sample local perturbations δt, δr and δf from a uniform distri-

bution, and add these perturbations to the translation td, rotation qr

and finger joints fr of the transformed poses Gd. We evaluate success

of each perturbed grasp Gp using a physics simulator (Pybullet [24])

and add domain randomization to save robust successful grasps and

objects to the training dataset.

Using above methods, we can generate a large and successful dex-

terous grasping dataset with a variety of novel objects, and then per-

form supervised policy learning, as described in the next section.
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4.2.4 Policy Learning via Supervised Learning

As described in the beginning of Section 5.2, we model the grasping

problem as predicting a pre-grasp pose T and a final pose Gf given an

object pointcloud observation. We perform a standard empirical risk

minimization procedure on the above-mentioned dataset as an archi-

tecture and use a network consisting of PointNet++ SA modules [116]

as a feature extractor. Instead of only feeding the raw point cloud to

the network, we found significant improvements by appending object

points with additional information regarding the alignment between

the robot hand and the local object surface. In particular, we use the

object point cloud p, the surface normal at each point N⃗o, the normal

of the table surface N⃗t, and the hand facing direction N⃗f and point-

ing direction N⃗p to define the following feature vectors: f(p)=(px, py,

pz, (N⃗o · N⃗t), (N⃗o · N⃗f), (N⃗o · N⃗p), (N⃗f · N⃗t). We append these vectors

to each point in the point cloud. We found these features provide a

compact description of alignment between the robot hand and the

object, and using the relative vector alignments via the pairwise dot

products allows us to improve the final grasping performance.

The network outputs a 3-dim translation and 4-dim quaternion,

which are used to define the pregrasp pose T. Additionally, the net-

work predicts a 16-dim finger poses, which is used to define final

pose Gf. Figure 19 shows our network architecture details. We pro-

vide training details in Appendix B.

4.3 system details

Robotic System. In simulation, we control a 22-DOF Allegro robot at

12Hz using a PD controller, with the torque force that is close to a

real robot: 0.6 N.m. In real world experiments, We deploy our policy

to a robotic platform that has 23 actuators across a KUKA LBR iiwa 7

R800 robot arm and a Wonik Robotics Allegro robotic hand, and use

two cameras to provide necessary point cloud information (Appendix

B).
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To control the robot in simulation, we directly reset the robot at

the pregrasp pose T with open fingers, and linearly interpolate 10

times and move fingers to the grasping finger poses Gf. In real world,

we extend the pregrasp from the pointcloud center by 5cm, and in-

terpolate both translation and rotation from the initial robot pose to

this pose. These pose targets are passed to an underlying, manually-

derived geometric fabrics policy that generates high-frequency joint

position, velocity, and acceleration targets across all joints of the arm.

The design and tuning of this policy is exactly the same as the one

reported in [147]. Finally, the target joint positions generated by fab-

rics are directly fed to an underlying gravity-compensated joint PD

controller at 30 Hz, which are upsampled to 1000 Hz via polynomial

interpolation.

Initial Dataset Construction. We extracted human demonstrations

from the DexYCB dataset [16], which contains mocap sequences Dhuman

of humans hand poses qi
T picking up 20 YCB objects [12] with poses

oiT . We picked 10 demonstrations per object, resulting in 200 demon-

stration in total.

ISAGrasp Implementation Details. We use a pretrained DIF-Net

[33] to augment objects into a variety of novel shapes. First, we sam-

ple a 128-dim latent vector from a Gaussian distribution ∼ N(µ, σ2),

where µ = 0 and σ = 0.002. Second, to estimate corresponding new

grasps Gd, we choose N = 20 closest points on the object surface as

reference points and compute corresponding grasp location td (Sec-

tion4.2.2). To obtain successful deformed grasps, we apply rejection

sampling by uniformly sampling δt ∈ [−0.02 m, 0.02 m] for transla-

tion td, and δr ∈ [−0.5, 0.5] radians for rotation qr, and apply the

same perturbation δf ∈ [−0.1, 0.1] radians for finger joints (Appendix

B).

4.4 experiments

Through our experimental evaluation, we aim to answer the follow-

ing questions:
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Table 4: Baselines evaluated in simulation

RescaledYCB ShapeNet GoogleScans

Random 0.03 0.05 0.02

Train on successful random 0.15 0.42 0.18

Heuristic 0.27 0.40 0.16

Train on successful heuristic 0.09 0.15 0.02

Train on successful GraspIt 0.29 0.42 0.20

PPO with dense reward 0.12 0.10 0.06

DAPG +DR 0.46 0.51 0.53

DexYCB - DR - ISA 0.34 0.35 0.22

DexYCB + DR - ISA 0.74 0.56 0.51

DexYCB +DR +ISA (ours) 0.74 0.74 0.70

1. Does ISAGrasp generate realistic novel objects based on a small

set of scanned objects?

2. Does ISAGrasp allow for easy generation of dynamically consis-

tent grasps on novel objects through grasp transformation and

refinement?

3. Do policies learned on the dataset produced by ISAGrasp show

improved robustness and generalization on unseen objects?

4. How does the training perform with different input features.

We address these questions through a study in a PyBullet [24] sim-

ulation, followed by a real world experimental evaluation using the

robotic system described in Section 4.3. In subsequent sections we

describe baseline methods, evaluation protocols and present exper-

imental results followed by an ablation study on object shape gen-

eration.Additional analysis on different elements of the ISAGrasp

system are in Appendix B, and more videos in the appendix and

https://sites.google.com/view/implicitaugmentation/home

Evaluation Metrics. We choose three unseen datasets with an in-

creasing complexity: RescaledYCB, ShapeNet [13], and GoogleScans

[36] (see appendix B). In particular, RescaledYCB contains 65 rescaled

YCB objects, ShapeNet contains 200 unseen objects from "Can", "Bot-

tle", "Mug" and "Bowl" categories, and GoogleScans objects contains

https://sites.google.com/view/implicitaugmentation/home
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200 everyday objects. We place objects randomly on the table, and

evaluate performance with 5 sets of object mass and friction. The suc-

cess is defined as when the object is above the table by 10cm.

Domain Randomization. We use domain randomization during

refinement stage with rejection sampling. We randomize object mass

from m ∈ [0.05 kg, 0.25 kg] and object friction from µ ∈ [0.7, 1]. Af-

ter the object is lifted, we add 1 second high-frequency perturbation

sampled from a Gaussian distribution ∼ N(0, 0.01)m on the palm

translation. We repeat this process 10 times and keep grasps that are

robust and successful for all 10 random physics parameters.

Baselines. Table 4 additionally compares the performance of our

method to other baselines —(1) Randomly generate grasps around

the object (Random) (2) use random baseline with rejection sampling

to create successful dataset and train a policy (3) perform a pre-

defined grasp where robot always grasps from the top (Heuristic).

(4) use Heuristic baseline with rejection sampling (5) Graspit!, an

optimization-based grasp planner from prior work[94] (6) In addition,

we train two RL baselines using PPO[131], both without demonstra-

tions (using a dense reward function) and use the demonstration as a

reward function. (7) Training only on the human demonstrations pro-

vided on the initial 20 YCB objects using supervised learning. (8) We

train an RL method (DAPG + DR) that combines an imitation learn-

ing objective via behavior cloning with reinforcement learning [122].

Please find further details of these baselines in the Appendix B.

We also compare with versions with domain randomization, but

no shape augmentation (DexYCB + DR - ISA), and a version with no

shape augmentation or domain augmentation (DexYCB - DR - ISA)

in order to understand the impact of shape augmentation and the

impact of domain randomization.

4.4.1 Simulation Results.

We first evaluate the efficacy of the ISAGrasp system on learning dex-

terous grasping policies in simulation. Table 4 shows the overall suc-

cess rate of our method ISAGrasp on three unseen datasets in sim-
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Figure 20: Qualitative results on unseen objects in simulation and in the
real world. The top 3 rows shows the successful examples of our
method on GoogleScans objects and the bottom 2 rows show suc-
cessful examples using our policy deployed on unseen objects in
real world.

ulation. ISAGrasp (bottom row) is able to achieve 74% success rate

on rescaled unseen YCB objects even the policy is only trained on

augmented shapes. In addition, our method achieves 74% and 70%

success rate on ShapeNet and GoogleScans objects. We next describe

how the various baselines perform.

4.4.1.1 Random and Heuristic Baselines

We find that the Random and Heuristic baselines described above do

not perform well on RescaledYCB, ShapeNet and GoogleScans ob-

jects in simulation. The random grasp baseline achieves less than 5%

success rate, while heuristic grasp achieves 40% success rate (only

on ShapeNet objects) and performs poorly on the other two datasets.

This shows the importance of actually learning the grasping behavior

rather than hard coding it or sampling randomly. While the hard-

coded baselines may work on certain shapes they are not adaptive

enough to learn grasping behaviors on more challenging shapes.

Understanding performance of the Random Baseline: Random is

referring to generating a robot pose randomly around the object. Be-

cause the action space of an allegro hand is high-dimensional, (22DoF
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for floating hand, 23Dof for Kuka-Allegro), randomly generating a

stable grasp is much less likely and almost fails on every object.

Understanding performance of the Heuristic baseline: We use a

heuristic that we have seen being used for grasping in practical sys-

tems: grasp the object from the top, with a fixed 5cm offset from

the object top surface. This method usually works when the object

is small and round (can, small box), but less likely to succeed when

(1)The object is less symmetric like “a mug with a handle” and re-

quires more careful reorientation of the pregrasp pose. or (2) the ob-

ject is unstable to grasp from the top.

4.4.1.2 GraspIt Baseline

The GraspIt baseline achieves the 48% on ShapeNet, and perform

poorly on other two datasets, showing the benefit of learning from

demonstrations as well as dataset augmentation that is leveraged by

ISAGrasp.

Understanding performance of GraspIt Baseline: GraspIt is based

on optimization using the contact energy function, but does not ac-

count for dynamics, or ensure stability. Failure modes include:

1. Collision checking: Starting from an open palm, we interpolate

finger poses into the final graspIt pose. However, graspIt often

fails when the robot hand is in collision with a table or starts

changing the object pose while closing the fingers.

2. Unstable grasps: GraspIt does not take dynamics into consider-

ation, making the produced grasps potentially unstable while

lifting up the object. In contrast, our rejection sampling with

domain randomization encourages more stable grasps.

3. Challenging to optimize: When the object surface is more com-

plex, it is usually more challenging for GraspIt to find a good

grasp solution.

The baselines of training on successful random, heuristic and GraspIt

baselines augmented with rejection sampling (as seen in Table 1) can

do better than the base methods, but they do not actually succeed at
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solving the tasks very reliably because the refinement rates are fairly

low and they do not train on a diverse range of augmented shapes.

4.4.1.3 RL Baselines

We also find that the reinforcement learning baselines using PPO

perform very poorly, indicating the importance of using supervised

learning to avoid the challenge of exploration. Even with dense re-

ward, PPO is unable to learn very well because of the challenges of

optimization with RL. The DAPG baseline achieves a success rate sig-

nificantly lower than ISAGrasp because it does not actually train on

augmented shapes and because RL optimization can be unstable with

multiple different shapes.

4.4.1.4 Domain Randomization Baselines

We trained baselines using the same pipeline as ISAGrasp, but one

without shape augmentation (DexYCB + DR - ISA) and one without

shape augmentation or domain randomization (DexYCB - DR - ISA).

We see a signficant drop from ours to DexYCB + DR - ISA on the

ShapeNet and GoogleScans datasets and another drop when trained

without domain randomization either (going from DexYCB + DR -

ISA to DexYCB - DR - ISA). This suggests that both domain random-

ization and shape augmentation are important for robust learning

performance.

4.4.2 ISAGrasp Performance

We find that ISAGrasp significantly outperforms training without

shape augmentation on unseen ShapeNet and GoogleScans objects,

and achieves the same performance on RescaledYCB objects (Baseline

details are in Appendix B). As seen from Table 4, the generalization

performance is good, even on completely unseen object instances, al-

though there are failure modes (as described in Section 4.3).

Failure Modes of ISAGrasp: We observe the remaining perfor-

mance gap stems from several factors:
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1. Generalization error: We train on augmented dexYCB objects

but test on rescaledYCB, ShapeNet and GoogleScan datasets.

Despite the shape augmentation, there is some distribution shift

between the train and test datasets, which results in some amount

of the gap in performance. This is verified by seeing that the

performance on the same training objects is 81%, while unseen

objects on average is 73%.

2. Compounding error: The second cause of error is that we sub-

sample the point cloud into 1024 points for GPU memory rea-

sons. This may lead to some loss of performance since some

shape properties could be lost.

3. Incomplete coverage: In order to cover unseen object poses, dur-

ing training, we do domain randomization on object poses by

adding orientation perturbation to the original object pose and

the corresponding pregrasps. However, this does not guarantee

all unseen poses are included during training.

The performance of both our method and the baselines are best ap-

preciated from the videos on our supplementary website and through

the analysis figures added into Appendix Figure 52 and Appendix

Figure53 to Figure 54.

4.4.3 Real World Experiments.

Next, we evaluated the grasping policy learned in simulation by IS-

AGrasp, directly in the real world. We perform directly simulation

to reality transfer of the learned policy as described in Section 4.2.4.

We evaluate our policy on 22 unseen real world daily objects (see Ap-

pendix D) and evaluate each object 5 times with random poses. We

report number of success on each object in Table 5. On average, the

policy is able to achieve 79% success rate on real world evaluation

on novel objects. We observe several failure cases: (1) if the object is

more transparent (Box1: container box), the pointclouds are incom-

plete and the network is less robust. (2) objects which require more
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Table 5: Real world test of ISAGrasp on 22 unseen objects. ISAGrasp is able
to achieve 79% success rate

obj Tray Crab Chips Box1 Box2 Bread Flower Pot Roll Hat Honey

# 3/5 4/5 4/5 2/5 4/5 5/5 3/5 4/5 4/5 5/5 5/5

obj Box5 Scarf Purse Tape Box3 Bottle Cream Cap Drill Bag Pringles

# 4/5 5/5 3/5 4/5 5/5 4/5 5/5 5/5 2/5 4/5 3/5

careful grasping (Power drill) often have lower success rate. These

show that we can leverage policies trained in simulation directly for

real world grasping using ISAGrasp and that the robustness and gen-

eralization properties transfer from simulation to the real world.

4.4.4 Ablations and Analysis

We first provide some insights into the impact of various design deci-

sions in ISAGrasp below:

Impact of using correspondence-aware generative models:

Original Point-wise  Gaussian

Random GeneratedCorrespondence-aware 

ShapeGANDIF-Net

Figure 21: Analysis on shape generation. DIF-Net generates realistic and se-
mantically meaningful objects (Left Panel) while ShapeGAN gen-
erates novel objects but often unrealistic and without any corre-
spondence (Middle Panel). We show the refinement rate for ob-
taining successful grasps on these objects ( R: random grasps, D:
retargeted demonstration, Corr: correspondence-guided grasps
(right panel). The lack of correspondences makes refinement chal-
lenging, yielding only 30% success rate as compared to DIF-Net
at 76%.

To understand how important using the dense correspondences

provided by DIF-Net are for generating successful grasps on novel

objects, we compare DIF-Net [33] with a correspondence-agnostic

model, shapeGAN [69] by showing their generated meshes and the re-

finement rate for obtaining successful grasps. Refinement rate refers

to the ratio of grasps that can be successfully refined via rejection

sampling to the total number of proposed grasps. We use this met-
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Table 6: Ablations on input features

p p+N⃗o p+N⃗o+N⃗f +N⃗p

Success 0.47 0.57 0.72

ric to compare the efficiency of creating stable grasp datasets gener-

ated using different approaches. Shown in Figure 21 (Left), DIF-Net

can smoothly deform the original shapes and generate more realistic

shapes. We conduct 50 times of perturbation with rejection sampling

on 100 objects generated by both methods. Figure21 (Right) shows

refinement rate (R: random grasps without human demonstrations,

D: using original human demonstrations without new grasps Gd esti-

mation, Corr: using new grasps Gd). Initialized with correspondence-

guided grasps, DIF-Net (Corr) achieves 76% refinement rate while

ShapeGAN(D) achieves below 30% with the same number of refine-

ments. This indicates the importance of transferring grasps through

a deformation based transformation for novel objects.

Impact of Input Representation: To understand the choice of input

representation for supervised learning, we compare feature choices

used as input for training policies, evaluated on objects from the

ShapeNet and GoogleScans datasets. We observe that using point-

cloud p, surface normal vector N⃗o, Robot vectors N⃗f and N⃗p per-

forms best.

Impact of Dataset Choice: Humans are excellent at finding stable

and feasible grasp based on years of experience, thus providing us

a strong prior to generate good grasps much more efficiently. This

is the motivation behind using the DexYCB labelled dataset rather

than a method like GraspIt to generate grasps for supervised learning.

In order to show the effectiveness of using human demonstrations

such as the DexYCB dataset quantitatively, we conduct an experiment

to compare the refinement rate of successful grasps during rejection

sampling: under the same rejection sampling pipeline, if we initialize

the grasp with GraspIt, only 26% grasps can be refined, while using

humans as prior gives us 81% refinement rate. This suggests that

learning from human demonstration is significantly more effectively

than synthetically generated grasps.
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Understanding ISAGrasp performance on RescaledYCB: The rescaled

YCB dataset is created by scaling different dimensions of objects in

the DexYCB dataset. This results in objects of widely varying sizes,

rather than very different shapes. Since shape augmentation via IS-

AGrasp largely provides robustness to shape, and less prominently

to scale, it is unable to effectively generalize to objects in rescaled

YCB. We verify this quantitatively by performing experiments where

we rescale all dimensions of the RescaledYCB dataset such that the

object is roughly back to original size (although some dimensions

may be more stretched than others). We observe 81% with shape aug-

mentation and 75% without augmentation on this new dataset. This

further shows that inability to generalize to different scales is the

limiting factor here. Supplementing ISAGrasp with large dimension

scales would further help.

4.5 limitations

Some limitations of this work include:

1. Poor performance on challenging objects: it’s more challeng-

ing for our policy to succeed when the object is large (e.g. cracker

box lying on the table Appendix B) or too flat. Since our shape

augmentation is built on dexYCB dataset, if the test object is

too different from the training objects, or requires a more spe-

cific way of grasping. The shape augmentation also does not

cover objects of widely varying scales.

2. Real world experiments: The method assumes access to a fairly

complete point cloud. It will not succeed in scenarios with heavy

amounts of occlusion or noise in the point clouds.

3. Functional grasping: Currently the method does not do dexter-

ous and functional grasps, and is only designed to lift the object.

The utility of a dexterous hand is perhaps best utilized with

functional grasps, but the current system does not optimize for

this directly.
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4. Accounting for kinematics: The current system does not ac-

count for the kinematics of potentially hitting the table when

the hand is mounted on a full arm setup. This should be ac-

counted for as we build on this work in the future.

4.6 summary

We present ISAGrasp, a novel system for learning dexterous grasping

policies in the real world. ISAGrasp leverages a data augmentation

approach that bootstraps a small number of human demonstrations

with a large dataset with diverse and novel objects and grasps. By

using a correspondence-aware generative model, we can deform orig-

inal object shapes and generate dynamically consistent new grasps.

We create a large and diverse grasping dataset and train a policy via

supervised learning that can then be deployed in simulation and the

real world on grasping novel objects, achieving over 75% success rate

on grasping novel object instances in the real world.



Part III

C O N T E X T U A L TA R G E T E D A U G M E N TAT I O N

F O R R E A L - W O R L D S C E N E G E N E R AT I O N

"The Map Is Not the Territory"

— Alfred Korzybski

In the previous chapters, I have presented how static tar-

geted augmentation can be applied to increase visual di-

versity and how dynamic targeted augmentation, combined

with simulation, enables physically accurate data genera-

tion. Both methods, however, still rely on the availability

of initial human demonstrations, which can limit scalabil-

ity in diverse applications. In this chapter, I will present

Contextual Targeted Augmentation for Real-World Scene

Generation. I will show our effort that enables the auto-

matic generation of robot labels by interacting with scenes

that closely mimic real-world environments.

In particular, I will introduce URDFormer, a generative

method designed to create realistic simulated environments

conditioned on images. This system aims to replicate the

kinematic properties of the scene directly from RGB im-

ages. This allows us to convert images sourced from the

internet into detailed simulations that can be directly uti-

lized for robot training. This chapter details the develop-

ment of URDFormer and its several applications to scale

up robot learning. This chapter contains material currently

under review as “ URDFormer: A Pipeline for Construct-

ing Articulated Simulation Environments from Real-World

Images” at RSS ‘24.
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U R D F O R M E R : A P I P E L I N E F O R C O N S T R U C T- I N G

A RT I C U L AT E D S I M U L AT I O N E N V I R O N M E N T S

F R O M R E A L - W O R L D I M A G E S
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Figure 22: The URDFormer predicts realistic, kinematic scenes from images
that 1) allow for zero-shot real-to-sim-to-real transfer through tar-
geted randomization, and 2) generate internet-scale simulation
assets valuable to a multitude of applications.

Simulation has become a cornerstone of a plethora of applied ma-

chine learning problems - from the natural sciences such as physics,

chemistry, and biology [4, 60] to robotics [22, 105] and computer vi-

sion [91, 100]. Simulation allows for scalable and cheap data collection

while providing an easy way to encode domain-specific prior knowl-

edge into end-to-end machine learning problems. This is particularly

important for data-scarce problems such as robotics, where collecting

real data can lead to costly and unsafe failures or may require expen-

sive human supervision. Critical to each of these endeavors is a rich

and accurate simulation environment, complete with assets depict-

ing complex scene layouts and kinematic structure. For instance, ad-

vances in robotic mobile manipulation in the Habitat simulator [142],

53
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are critically dependent on the Matterport dataset for realistic scenes

[162]. The creation and curation of these simulation scenes and assets

is an important but often overlooked part of the process.

The most common approaches for generating simulation content

are either manual [46, 70], procedural [29] or, more recently, purely

generative [38, 79, 115, 151, 153]. The manual process for creating sim-

ulation scenes requires a designer to characterize, identify, and model

a particular real-world scene, a painstaking and impractical process.

While this approach can produce high quality results, it often leads

to content that lacks diversity due to the amount of human effort

required. On the other hand, rule-based procedural generation meth-

ods [29, 121] have been applied in robotics applications such as navi-

gation, but often struggle to capture the natural complexity of the real

world for problems such as manipulation. Moreover, the procedural

generation process is not controllable, making it hard to generate sim-

ulation content corresponding to a particular real-world environment,

which is often important in real-world robotic learning pipelines. Re-

cently introduced generative methods for content creation [38, 79, 115,

153] can generate visually appealing 3-D geometries for particular ob-

jects, but often result in undesired physical simulation behavior and

lack kinematic structure like articulation.

What are the desiderata for a content creation method for simu-

lation? To enable a variety of downstream use cases such as robotic

learning, scalable content creation in simulation must be (1) realistic

enough such that machine learning models trained in the constructed

simulation environments transfer back to the real world, (2) diverse

in a way that captures the statistics of natural environments so as

to enable learning generalizable models and policies (3) controllable

in a way that allows for targeted generation of particular scenes of

interest.

To generate content of this nature, we develop a pipeline to train a

transformer-based network, URDFormer, that maps directly from in-

dividual real-world images to corresponding simulation content (ex-

pressed as a Unified Robot Description File (URDF)) that could plau-
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sibly represent the semantics, kinematics, and structure of the scene

(Fig22).

Figure 23: A summary of categories of objects and scenes that we trained
URDFormer to predict. We visualize examples of URDFormer
predictions (large background image) given corresponding inter-
net images (small overlaid black box). We train a single part URD-
Former for all object categories and a single global URDFormer
for all scene categories. Under each object category, we also list
the individual articulated parts that it contains.

We leverage controllable text-to-image generative models [126] to

generate a large-scale paired dataset of structured simulation scenes

and closely corresponding, realistic images. This paired dataset is

then inverted to train URDFormer, which maps from RGB images di-

rectly to plausible simulation environments with semantic and kine-

matic structure.

URDFormer can then naturally be used in several use cases — (1)

diverse content generation for simulation: generating a large and di-

verse set of realistic simulation environments that correspond directly

to uncurated, real-world RGB images (e.g scraped off the web), or (2)

targeted generation: generating a simulation environment (or narrow

distribution of environments) corresponding to a particular set of de-

sired images. We show that the generated simulation environments

are a useful tool for robotic learning in a real-to-sim-to-real pipeline

for training robotic control policies.

5.2 urdformer - a pipeline for scalable content cre-

ation for simulation from real-world images

Generating simulated scenes with a high degree of visual realism that

supports rich kinematic and dynamic structure, while reflecting the
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natural statistics of the real world is a challenging problem. Down-

stream applications in robotics and computer vision typically require

data that is both realistic, diverse, and controllable. To accomplish these

requirements, we take an inverse approach to the problem and gen-

erate scenes by mapping RGB images of real-world scenes to scene

representations in simulation complete with kinematics and seman-

tics. This allows for scene generation that is realistic since it inherits

natural scene and object statistics from real images. The generated

scenes are diverse since large web-scale image datasets with diverse

content can be used to seed such a generation process. Lastly, the

generation is controllable since curated images of particular target en-

vironments can be used to generate corresponding simulation assets.

We first define the inverse problem of synthetic scene generation from

real-world images, then describe how to learn inverse models to solve

this problem with supervised learning on a paired dataset generated

using controllable text-to-image generative models [126]. Finally, we

show how the learned inverse model can be used with real-world

image datasets for scalable content creation, summarized in Figure

23. This tool can then be used to instantiate a real-to-simulation-real

pipeline for robot learning, as described in Section 5.3.

URDFSimulated Image

Training Images

URDFormer

Real World Images

Forward

URDF Prediction

Inverse

Generative
Texture and
Background

URDFormer

Supervision

Figure 24: The URDFormer is trained on a large paired dataset of simulation
assets and realistic renderings (forward). During inference, this
process is inverted and it predicts the URDF from a real image
(inverse).
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Figure 25: Controlled Generation: Rendering URDF models in simulation
and generating paired images with a guided diffusion model.

5.2.1 Problem Formulation

To formalize the problem of simulation scene generation from real-

world images, let us consider a kinematic scene description z drawn

from a target scene distribution P(z) in the real world. For our pur-

poses, the scene can be described as a list of objects z = {o1 . . . on},

where each object oi contains a base class label ci, a 3D bound-

ing box bi ∈ R6, a 3D transform Ti ∈ SE(3), a kinematic parent

pi ∈ [1 . . . i− 1] and a joint type ji that specifies how that object can

move relative to its parent oi = (ci,bi, Ti,pi, ji). This resembles the

typical representation of scenes and robots using the unified robot de-

scription format (URDF). Let’s consider a kitchen scenario that con-

tains a row of cabinets next to a stove. The cabinets and the stove

will be the kinematic children of the wall, and the kinematic parents

of their respective doors. Similarly, these doors will be the kinematic

parents of their handles.

As the example shows, the kinematic structure z for a particular

real-world scenario is unknown without extensive human labeling ef-

fort, and instead, we only have access to the result x of an indirect

“forward” function f, x = f(z). For example, x could be a photograph

of the real environment, or a point cloud captured with a LIDAR

scanner. The goal of this work is to recover the entire kinematic and

semantic structure of the scene from just having access to the forward



5.2 urdformer - a pipeline for scalable content creation for simulation from real-world images 58

evaluation x, requiring complete inference of a rich scene representa-

tion z.

Unfortunately, since the scene structure z is unknown for most

complex real-world scenes and difficult to generate manually, it is

challenging to solve the “inverse” generation problem to infer the

scene description z from the forward rendered images (or alternative

sensor readings) x, z = f−1(x). Had there been a sizeable dataset

D = {(zi, xi)}Ni=1 of scene descriptors zi in simulation and their cor-

responding real-world counterparts xi, the inverse problem could be

solved using supervised learning (minimizing a loss L like the cross

entropy loss or a MSE loss) to learn an f−1
θ that approximates the

scene structure ẑ given an input forward-rendered image x.

However, such a paired dataset does not readily exist, making di-

rect application of supervised learning methods challenging. In this

work we take an inversion through synthesis approach —leverag-

ing pre-trained generative models to convert procedurally generated

scenes in simulation into a large paired dataset of scene content z

and corresponding realistic RGB images x. This process can gener-

ate a large and diverse dataset of image and scene-description (x, z)

pairs that we can use to train an approximate inverse model f−1
θ (x)

that generates scene descriptions ẑ from real RGB images x. Since

most scenes that we consider are object-centric, we decompose the in-

verse problem into two parts: (1) object-level prediction that focuses

on the kinematic structure of individual objects, e. g., cabinets, and

(2) global-scene prediction, e. g., kitchens, that focuses on the struc-

ture of an overall scene. We next discuss the process of generating

a large paired dataset for these two components (Section 5.2.2) and

then show the training process for the inverse model in detail (Sec-

tion 5.2.3).

5.2.2 Controlled Generation of Paired Datasets with Pretrained Generative

Models

Given a simulated scene z (drawn from a dataset such as PartNet [96],

or procedurally generated), we use the fact that controllable genera-



5.2 urdformer - a pipeline for scalable content creation for simulation from real-world images 59

URDFormer (Global)

URDFormer (Part)

Global Scales + Global Poses

Global-Level Prediction Full Prediction

Part-Level Prediction

ROI Align

Transformer Encoder

Base ClassDense Feature Map

M
L

P

URDF

Full Image

Object Crop + Part Boxes

Simulated Articulated ObjectV
IT

 B
ac

kb
on

e

M
L

P

M
L

P

M
L

P

M
L

P

M
L

P

Child Embedding
Parent Embedding
Class
Position
Bounding Box

Parent/Child Relationships

G
lo

ba
l D

et
ec

to
r

P
ar

t D
et

ec
to

r

Figure 26: Depiction of the URDFormer Training Procedure and Architec-
ture. (Left) Given an RGB image of the scene, i. e.a kitchen, we
train two separate networks: URDFormer (Global) focuses on pre-
dicting parent and spatial info of how to place the object. URD-
Former (Part) takes the cropped image containing each object and
predicts detailed structure. The results of the two predictions are
combined and create the full scene prediction. (Right) The URD-
Former architecture takes as input a cropped RGB image and ob-
ject part boxes and predicts a hierarchy consisting of a base class
and parent-child relations that make up the final URDF file.

tive models [126] are both diverse and realistic enough to take an un-

realistic simulation rendering of a scene and generate a distribution

of corresponding realistic images. This allows the scene in simulation

with unrealistic appearance and texture to be translated into a diverse

set of visually realistic images that plausibly match the same underly-

ing environment. To ensure piecewise consistency and realism of the

generated images, we use two different dataset generation techniques

for the global scene structure and local object structure respectively.

These share the same conceptual ideas but differ to account for con-

sistency properties in each case.

Scene-Level Dataset Generation: To generate training data for the

scene model, we feed a poorly rendered image from simulation along

with a templated text prompt to an image-and-text guided diffusion

model [126], as shown in Fig 25. This generates a new image that

attempts to simultaneously match the content described in the text

prompt while retaining the global scene layout from the provided

image. We found that this model is able to reliably maintain the

scene layout, but it may change some individual components of the

scene, e. g., replacing objects with a different but plausible category,

or changing the number of subcomponents within an object such as
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the drawers or handles. Despite these failures, the large-scale struc-

tural consistency still provides a useful source of training data. Af-

ter running our simulated image through the generative model, we

have realistic images that contain known high-level object positions

and spatial relationships, but unknown category and low-level part

structures (e. g.the parts for articulated objects such as cabinets), since

these may have been modified by the generative model in it’s forward

pass. This means that the scene model dataset contains complete im-

ages, but incomplete labels. Rather than complete (x, z) pairs, we have

a dataset Dscene = {(x, z̃)} of (x, z̃) pairs where z̃ only contains the

bounding boxes, transforms and parents of the high-level (non-part)

objects z̃ = {(b1, T1,p1) . . . (bn, Tn,pn)} but lacks accurate low-level

information.

Object-Level Dataset Generation: The process for generating object-

level training data is similar but requires more care due to the ten-

dency of text-to-image generative models to modify low-level details.

For objects with complex kinematic structures, such as cabinets, we

procedurally generate a large number of examples of these objects

and render them in isolation from different angles. Rather than using

a generative model to construct entirely new images, we use it to pro-

duce diverse texture images, which are overlaid in the appropriate

locations on the image using perspective warping. We then change

the background of the image using the generative model with appro-

priate masking derived from the original rendering. This part-by-part

texture-based rendering process ensures diversity while maintaining

consistency in low-level details. Unlike the scene dataset which con-

tains complete images but partial labels, the object dataset contains

partial images (in the sense that they contain only a single object), but

complete labels for the object and its kinematic parts. We can say that

this dataset Dobject contains (x̃, z) pairs where x̃ is an image of a single

object rather than a full scene (hence the partial x), and z is complete

for the single object and its parts.

The result of these two data generation processes is a high-level

scene structure dataset Dscene, and a low-level object dataset Dobject,
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that can subsequently be used to train an object-level and a scene-

level inverse model.

5.2.3 Learning Inverse Generative Models for Scene Synthesis

Given the datasets Dobject = (x̃, z) and Dscene = (x, z̃) constructed as

described above, we can use supervised learning methods to learn an

inverse model that maps images of a complex object or scene to the

corresponding simulation asset. To take advantage of these partially

complete datasets, we must add some structure to our prediction

model. We do this by splitting our learned inverse model in corre-

spondence with the split in our forward data generation process: we

train one network f−1
θ to predict the high-level scene structure using

dataset Dscene and another network g−1
ϕ to predict the low-level part

structure of objects using Dobject.

To model both the scene-level prediction model (f−1
θ ) and the low-

level part prediction model (g−1
ϕ ), we propose a novel network archi-

tecture — URDFormer, that takes an RGB image and predicts URDF

primitives as shown in Fig26. Note that both the scene-level predic-

tion and the low-level part prediction use the same network archi-

tecture, the scene-level simply operates on full images with object

components segmented, while the part-level operates on crops of par-

ticular objects with parts segmented. In the URDFormer architecture,

the image is first fed into a vision transformer [35] (ViT) visual back-

bone to extract global features. We then obtain bounding boxes of the

objects in the image using the masks rendered from the original pro-

cedurally generated scene in simulation (these are known at training

time, and can be extracted using segmentation models at test time).

We then use ROI alignment [52] to extract features for each of these

bounding boxes. These feature maps are combined with an embed-

ding of the bounding box coordinates and then fed through a Trans-

former [148] to produce a feature for each object in the scene. An MLP

then decodes these features into an optional base class label (used

only when training the object-level model), and a discretized 3D po-

sition and bounding box. In addition, it also produces a child embed-
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ding and a parent embedding that are used to predict the hierarchical

relationships in the scene (object to its parent and so on). To construct

these relationships, the network uses a technique from scene graph

generation [165] that produces an n× n relationship score matrix by

computing the dot product of every possible parent with every pos-

sible child. The scene-level model also specially has a set of learned

embeddings for six different root objects corresponding to the four

walls, the floor, and the ceiling so that large objects like countertops

and sinks can be attached to the room.

Test-time scene generation from real-world RGB images: Due to

the unpredictable nature of the text-to-image generative transforms

that are used to perform global dataset generation, which may change

the base class identities, e. g., the diffusion model might turn a fridge

into a cabinet, only the position, bounding box, and relationship in-

formation is used when computing the high-level scene structure.

To generate a full approximation of the scene structure ẑ from a

natural image at test time, the image and a list of high-level bound-

ing boxes (from a segmentation model) are first fed into the scene

prediction model f−1
θ , which predicts the global structure, i.e. the

location and parent for each object. The image regions correspond-

ing to these boxes are then extracted and further segmented (using

a segmentation model) to produce part-level bounding boxes. Each

of these image regions that correspond to a particular object (e.g. a

cabinet or a fridge) and the corresponding part-level boxes (e.g. indi-

vidual drawers or doors) are then fed into the part prediction model

g−1
ϕ to compute the kinematic structure of the low-level objects and

parts. This nested prediction structure can be used to generate entire

scenes from web-scraped RGB images drawn from any image dataset

to generate novel simulation content both at the scene level and at the

object level. We visualize this process in Fig 26
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5.3 using urdformer for robotic control via a real-to-

simulation-to-real pipeline

As described above, URDFormer provides the ability to generate re-

alistic, diverse and controllable scenes in simulation through inverse

modeling. This suggests that on deployment, URDFormer allows a

system to take a single picture of a deployment scene and then con-

struct a fully articulated scene in simulation with minimal human ef-

fort. In this section, we describe how this type of controllable inverse

modeling can serve as a useful tool for robotic learning through a

real-to-simulation-to-real pipeline.

The most straightforward way of using URDFormer for robotic con-

trol is a model-based one - first synthesize a “digital twin" for a de-

ployment time scene, and directly use this for planning and control

in the real world with a model-based approach. This is challenging

for several reasons - (1) the constructed simulations may not be per-

fectly accurate, (2) there is no access to Lagrangian environment state

in the real world. Instead, we take a learning-based approach to the

problem; we use URDFormer to generate not precisely the test time

scene in simulation, but rather a narrow, representative distribution

of simulation environments via a targeted randomization procedure.

This distribution of environments in simulation can be used to learn

generalizable robotic policies that operate from raw perceptual input,

directly transferring back from simulation to the real-world. Doing so

closes the real-to-simulation-to-real loop, obtaining real-world robotic

policies with minimal human effort in the process. This pipeline has

three major components:

Scene Generation: Given a robot’s RGB pointcloud observation

of an unseen environment, we use URDFormer to generate a URDF

file from RGB that captures the kinematic and dynamic structure of

the real-world scene. We further resize the URDF to fit the point-

cloud’s scale. Importing the URDF into simulation then provides a

playground for data collection and policy training. Most importantly,

this simulation is not just an arbitrary model but an approximate rep-

resentation of the real world scene of interest on deployment.
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Targeted Randomization: In simulation, we have access to ground

truth information which we can exploit to inexpensively collect trajec-

tory data for policy learning. We use an efficient motion planner [139]

to quickly collect approximately optimal trajectories solving multiple

tasks in simulation. To increase the simulation diversity and decrease

the sim2real gap, we additionally randomize over minor details, e. g.,

texture variants, shapes, and sizes of parts. This “targeted" random-

ization is in contrast to procedural generation which covers many dif-

ferent environment variations but is not informed by the real-world

environment.

Policy Synthesis: To synthesize a policy from the collected data,

we can train a language-conditioned behavior cloning policy [168]

operating from RGB point-clouds in simulation, applying image aug-

mentations during training to enable policy transfer back to the real

world. We stress that the proposed pipeline is not limited to data col-

lection with motion planning and behavior cloning but can also be

used to train policies with other policy search methods [48, 92, 131].

The proposed pipeline results in a robust policy that can success-

fully solve tasks in the real-world without the manual burden of con-

structing environments in simulation [29], expensive human data col-

lection [21] or real-world reinforcement learning [44].

5.4 experiments

In this section, we aim to answer the following questions:

1. Does integrating URDFormer in a real2sim2real pipeline im-

prove policies that can transfer zero-shot to the real world?

2. Can URDFormer generate plausible and accurate simulation

content from internet images?

3. Can URDFormer generalize to diverse objects and scenes?

4. Can URDFormer support different robots and tasks?
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5.4.1 Does integrating URDFormer in a real2sim2real pipeline improve

policies that can transfer zero-shot to the real world?

RGB image Part Detection URDFormer Learning in Sim
(Rescaled based on Depth Image)

Real-World Zero-shot
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Figure 27: Qualitative Results for Real-world Robot Experiments: An RGB
image is pre-processed by detecting bounding boxes of relevant
parts. The URDFormer then predicts the corresponding URDF
of the cabinet. When importing the cabinet into the simulation,
it is re-scaled using depth measurements. Furthermore, the real-
world texture is cropped using the bounding boxes and projected
onto the cabinet. This realistic simulation can then be used to
generate massive data with the help of motion planning, ground
truth information, and targeted domain randomization. Finally,
we show that training a language-conditioned multi-task policy
can be zero-shot transferred to the real world to solve several
opening and closing tasks.

As described in Section 5.3, URDFormer can be used to instantiate

a real-to-simulation-to-real pipeline for robot learning. In this section,

we describe a concrete instantiation of one such pipeline and pro-

vide a detailed evaluation of the resulting robotic behavior in the real

world.

Real-to-sim-to-real pipeline: We implement our real-to-sim-to-real

approach on a UR5 robot equipped with a custom-made 3D printed

2-fingered gripper and an Intel RealSense D435i mounted on the en-

deffector. We evaluate our pipeline on five different cabinets with

varying sizes, shapes, textures, joint types (revolute and prismatic),
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and handles, with two tasks per cabinet. The details of each pipeline

element is as follows:

1. Real-to-sim: First, our system takes an image of the scene and uses

a finetuned Grounding DINO [80] (Appendix C)to automatically de-

tect the parts of the cabinet, i. e., door, drawer, and handles. URD-

Former then generates the corresponding URDF from the RGB image

and the predicted bounding boxes using URDFormer, as described in

Section 5.2.3.

2. Policy Learning in Sim: The URDF is then imported into a physics

simulator (PyBullet [25]) and scaled appropriately using depth mea-

surement. Next, a motion planner, in this case cuRobo [139], gener-

ates trajectories that solve a variety of tasks, e. g., closing/opening

a drawer/door by utilizing privileged information in simulation. To

account for possible prediction inaccuracies of URDFormer (red high-

lights in Fig 27) and to robustify the trained policy, we apply targeted

randomization (TR) that randomizes the scene while maintaining its

semantic configurations. In particular, doors, drawers, and handles

are randomly replaced with their PartNet [96] equivalents while the

size and base of the object are kept fixed. For each door or drawer that

was generated in this process, the geometry was randomly replaced

with alternate geometry from the same PartNet class but rescaled to

be the appropriate size. Additionally, each handle or knob that was

generated was similarly replaced with alternate geometry, but also

randomly translated in the plane of the door or drawer that it was

attached to. Textures are randomized by cropping out the real texture

using the bounding boxes, generating variations by prompting Stable

Diffusion [126] and fitting it back onto the shape. Finally, the RGB

input is augmented by adding standard augmentations such as Gaus-

sian noise and color jitter. After automatically collecting a dataset of

successful simulation trajectories using the motion planner, we train

a behavior cloning policy network that predicts end-effector poses

from point clouds. The network architecture follows M2T2 [168] and

predicts 6D end-effector poses from RGB pointclouds given language

instructions specifying the task. Appendix C provides the full train-

ing procedure and architectural details.
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Table 7: Quantitative Results for our Real-world Robot Experiments: Our
Real2Sim2Real pipeline with the URDFormer and targeted (do-
main) randomization in simulation results in a 78% success rate
across all tasks. Results are reported in success / number of trials.

Cabinet A Cabinet B Cabinet C

Task Open left drawer close door place object open middle drawer fetch object close top drawer

OWL-ViT [95] 0/5 0/5 0/5 0/5 0/5 0/5

DR 0/5 0/5 0/5 0/5 0/5 0/5

URDFormer-ICP 2/5 1/5 —- 3/5 1/5 3/5

URDFormer-TR 4/5 5/5 2/5 4/5 3/5 3/5

Cabinet D Cabinet E Average

Task Open door close door open drawer close drawer

OWL-ViT [95] 0/5 0/5 0/5 0/5 0/50

DR 0/5 2/5 2/5 5/5 9/50

URDFormer-ICP 0/5 3/5 3/5 2/5 24/45

URDFormer-TR 5/5 4/5 4/5 5/5 39/50

3. Sim-to-Real: In order to transfer back to the real world, the pol-

icy takes an RGB pointcloud, current end-effector pose and a natural

language instruction, and predicts the next end-effector pose, using a

PD controller to execute these predictions.

We term this specific instantiation of our real2sim2real pipeline

URDFormer-TR and stress that the data generation process, the pol-

icy network, and the transfer procedure are highly flexible and can be

replaced depending on the exact problem setting. Baselines: We com-

pare URDFormer-TR with multiple variations of our real-to-simulation-

real pipeline with varying degrees of access to real-world informa-

tion.

(1) OWL-ViT [95]: First, we evaluate against a zero-shot vision-

language model baseline. Inspired by VoxPoser [57], given a language

instruction (Appendix C), we used the same open-vocabulary detec-

tor (OWL-ViT [95]) to predict bounding boxes for the prompted parts

and handles that are important to the task. After mapping the detec-

tion to the observed pointcloud, a motion planner can then generate

plans to solve the task directly in the real world.

(2) Domain Randomization (DR) [145]: Another approach is Do-

main Randomization (DR). We follow the augmentations from URDFormer-

TR but on randomly generated cabinets with different configurations.
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Similarly to URDFormer-TR, since we assume depth observations

during inference, we also scale the generated cabinets to the real-

world size. We follow the same approach for trajectory generation,

policy training, and real-world transfer procedure of URDFormer-TR.

(3) URDFormer-ICP: This presents a learning-free, digital twin-

style approach based on the Iterative Closest Point (ICP) [8] algorithm.

First, we construct a simulation with the URDF created by the URD-

Former and scale it according to the depth observation. We then use

the ground truth simulation to compute end effector poses which we

execute directly in the real world. When the cabinet’s pose changes,

we use ICP to transform the computed end effector poses to the new

cabinet pose.

Real-world Results of Real-to-Sim-Real Training: Running the

zero-shot OWL-ViT, we find that the model fails to predict the fine-

grained details required to solve the tasks, i. e., "top middle drawer",

"right door", and "handles". We visualize qualitative examples of re-

sults from OWL-ViT in Appendix C. Without localizing these regions

of interest, the motion planning cannot solve the tasks leading to 0%

success on all tasks.

While DR works surprisingly well on simple cabinets, e. g., Cabinet

E which only has a single drawer, it fails to solve any of the more

complicated configurations. We observe URDFormer-TR outperforms

DR by 40% on average, showing the benefits of targeting the domain

randomization procedure to the real-world configuration.

URDFormer-ICP shows average performance across all opening

and closing tasks. When tasking it with ”put object in bottom drawer”,

we observe the limitations of the approach. Since the object is a lot

smaller than the cabinet, ICP matches the pointcloud of the cabinet

instead of the object. This results in an inability to transform the en-

deffector pose with respect to the graspable object and results in fail-

ure to solve the task. In general, neither baseline can reliably solve

putting and getting objects in/from the drawer. While URDFormer-

TR succeeds 50% of the time, it showcases the difficulty of the task

and leaves space for future improvements.
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Figure 28: Reality Gym: A simulation environment with a variety of assets
originated from internet images (black box) using URDFormer.
We predict URDFs of internet images which can be loaded in any
simulator. These URDFs are randomized with meshes from the
Partnet dataset. We introduce 4 main tasks: (1) Open any articu-
lated parts (2) close any articulated parts (3) fetch objects and (4)
collect objects
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Figure 29: Generated Kitchen Scenes: Examples of kitchen scenes predicted
by URDFormer from internet images given labeled bounding
boxes. Examples of failure parts are highlighted in red boxes.

Overall, the proposed real2sim2real pipeline using URDFormer and

targeted randomization shows a 78% success rate across all cabinet

variations and tasks and an 85% success rate on opening/closing

tasks. Even though the URDFormer’s predictions are not always accu-

rate, as indicated by the red boxes in Fig27, the targeted randomiza-

tion robustifies the policy network to allow for zero-shot real-world

transfer more effectively than un-targeted simulation generation.
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5.4.2 Can URDFormer generate plausible and accurate simulation content

from internet images?

5.4.2.1 Paired Training Dataset Generation

To synthesize our paired training dataset, we first procedurally gen-

erate a set of URDF representations of scenes in simulation both for

global scenes like kitchens and for single objects like ovens, cabinets,

and fridges (Fig 25). We then follow the procedure in 5.2.2 to con-

trol the data generation of paired images, generating a large dataset

of simulation scenes and paired realistic RGB images (Fig 25). For

objects with diverse parts, we find that depth-guided Stable Diffu-

sion [126] often ignores the semantic details of local parts, leading to

inconsistencies as visualized in the Appendix C). As described in Sec-

tion 5.2.2 we generated a large and diverse set of texture templates

by using images of existing textures downloaded from the internet

to guide the depth-guided stable diffusion. During training, we then

randomly chose one template texture and warped it back to the origi-

nal part region using perspective transformation. Finally, we applied

a stable diffusion in-painting model [126] to smooth the boundary

of the parts and generate background content (Details are described

in Appendix C). In total, we generated approximately 118K image-

URDF pairs across 7 categories of single articulated objects, and ap-

proximately 200K image-URDF pairs of global kitchen scenes.

5.4.2.2 Object and Part Detection during Inverse Phase

URDFormer takes both the RGB image and bounding boxes of the ob-

ject parts and predicts URDFs. During the inverse phase, we adopt an

off-the-shelf open vocabulary object detector GroundingDINO [80].

However, if we directly apply GroundingDINO on detecting parts

such as drawers and handles, the detection performance is unsatisfy-

ing with an F1 score of 53.4%. Instead, if we use the same generated

dataset that was used to train URDFormer (Visualized in Appendix

A) and finetune groundingDINO, we observe an improvement with

an F1 score of 66.2%. However, We also observe that compared to
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the pretrained GroundingDINO, the finetuned GroundingDINO of-

ten fails to detect parts that have unique shapes or patterns. Inspired

by recent work Model Soup[156], we simply average the pretrained

weights and the finetuned weights. This leads to surprising improve-

ment, with an F1 score of 79.7%. We additionally apply post-processing

to remove duplicated boxes. Figure 30 shows Model Soup’s influence

on the bounding box detection.
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Figure 30: Comparison among pretrained, finetuned and model soup

GroundingDINO on cabinet dataset

5.4.2.3 Real World Evaluation Datasets

We create two types of test sets for the evaluation of URDFormer: (a)

Object-Level set includes labeled URDFs of 300 internet images of indi-

vidual objects from 5 categories including 100 cabinets, 50 ovens, 50

dishwashers, 50 fridges and 50 laundry machines. (b) Kitchen set in-

cludes URDFs of 54 internet images of kitchens, with 5-15 articulated

objects per kitchen. For each scene, we manually label the bound-

ing box for each object and its parts, as well as the URDF primitives

including mesh types, parent id, positions, and scales relative to its

parent. We used the mesh types such as “left door", and “right door"

to infer link axis and joint types. All the position values and scale

values are discretized into 12 bins.

5.4.2.4 Evaluation Metrics

Evaluating entire scenes is challenging given the mixed structure and

subjective nature of human labeling. We therefore measured accuracy

of the predicted model using three individual sub-tasks: category ac-
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Figure 31: Successful and unsuccessful examples comparing URDFormer
prediction on different articulated objects using (1) manually
labeled bounding boxes and (2) bounding boxes provided by
fine-tuned GroundingDINO. Image results of fine-tuned Ground-
ingDINO (Red) compared with manually labeled boxes (Blue) are
shown in the first row. Note that textures are removed for better
visual comparison.
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Figure 32: Successful and unsuccessful examples on kitchens comparing
URDFormer prediction based on boxes generated by (1) manual
labeling and (2) fine-tuned GroundingDINO. The first row also
shows the boxes detected by fine-tuned GroundingDINO (Red)
compared with manually labeled boxes (Blue)

curacy, parent accuracy and spatial error. In order to compute these

statistics, we must first align predicted objects in the scene to their

ground truth counterparts. This is accomplished by computing the

intersection-over-union (IOU) of the 2D detected boxes used to in-

stantiate the scene objects and the ground-truth bounding boxes of

all the objects in the scene. Hungarian matching is then used to as-

sign each detected box to a single ground truth box. Note that if the

number of predicted boxes is not the same as the number of ground

truth boxes, there will be some false positives (predicted objects that

do not correspond to any ground truth objects) or false negatives

(ground truth objects that do not have any associated predictions).

We therefore also record the overall precision and recall of the objects

in the scene. Once we have a set of aligned detected and ground-

truth boxes, we say that the category of a predicted object is correct if
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Figure 33: The forward phase can be applied to additional objects and create
a diverse dataset for training URDFormer.

it matches the category of the assigned ground truth object. Similarly

the predicted parent is correct if it matches the parent of the assigned

ground truth object. Finally the spatial error is the average absolute

error of the predicted discretized spatial coordinates. For larger ob-

jects, the model predicts four coordinates x1,y1, x2,y2 representing

the bounding box of the object relative to its parent. For small objects

such as handles and knobs, we predict only the object center x1,y1

and so the spatial error only considers these two values. Finally, we

separate out these scores for high-level object predictions (cabinets,

dishwashers, etc.) and low-level part predictions (doors, handles, etc.)

so that the effects of various ablations on larger and smaller parts are

more interpretable.

5.4.2.5 Qualitative Results

Figure 29 shows several examples of kitchens generated by URD-

Former using internet images. While the model makes some mistakes,

it is able to reproduce kitchen environments that largely match the

structure of the original images. Figures 31 and 32 show successful

and unsuccessful reconstructions of individual objects and scenes re-

spectively. These images also show results when ground-truth boxes

are provided. Again, while the model makes some mistakes, it largely

captures the overall configuration of the objects and scenes.

5.4.2.6 Ablation Study

We compare the prediction of URDFormer trained with (1) Ours: re-

alistic texture generated by part-consistency stable diffusion (2) Ran-

dom: random texture downloaded from Describable Textures Dataset
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Table 8: Ablation Study. We analyze which part training with generated tex-
ture benefits the most by comparing URDFormer trained with other
textures, across GT boxes and boxes from the finetuned Grounding
DINO detector.

Kitchen Object-Level

GT boxes Grounding DINO GT Boxes Grounding DINO

Ours Rand Sim Sel Ours Rand Sim Sel Ours Rand Sim Sel Ours Rand Sim Sel

G
lo

ba
l

Mesh Acc (↑) 0.578 0.42 0.407 0.576 0.603 0.533 0.354 0.462 0.740 0.463 0.520 0.677 0.688 0.440 0.520 0.630

Parent Acc (↑) 0.833 0.831 0.813 0.807 0.816 0.819 0.810 0.819 — — — — — — — —

Spatial Err (↓) 0.809 0.845 0.848 0.885 0.987 1.036 1.038 1.032 — — — — — — — —

Recall (↑) 1 1 1 1 0.726 0.726 0.726 0.726 — — — — — — — —

Precision (↑) 1 1 1 1 0.951 0.951 0.951 0.951 — — — — — — — —

Pa
rt

s

Mesh Acc (↑) 0.704 0.719 0.662 0.675 0.537 0.558 0.505 0.522 0.903 0.927 0.867 0.861 0.851 0.865 0.811 0.803

Parent Acc (↑) 0.765 0.773 0.763 0.75 0.711 0.696 0.707 0.711 0.874 0.878 0.857 0.857 0.826 0.821 0.806 0.805

Spatial Err (↓) 1.799 1.699 1.891 1.981 2.957 2.885 2.798 3.107 0.478 0.420 0.649 0.867 0.791 0.753 0.917 1.129

Recall (↑) 1 1 1 1 0.495 0.495 0.495 0.495 1 1 1 1 0.853 0.832 0.832 0.832

Pred Precision (↑) 1 1 1 1 0.927 0.927 0.927 0.927 1 1 1 1 0.986 0.987 0.987 0.987

[20] (3) Sim: random 3-channels RGB color and (4) Selected: carefully

selected texture images that matches the object categories, such as

wood texture (cabinet), metal texture (dishwasher) and so on. We ob-

serve that generated realistic texture is particularly helpful in global

prediction, including identifying object types (cabinet or oven), par-

ents (which wall the cabinet belongs to), and where to put the object.

Surprisingly, we found the texture realism does not affect so much

when predicting part structures and sometimes is slightly worse than

random texture by 1% to 2%. This is likely due to using bounding box

position features is sufficient for predicting simple low-level struc-

tures. For example, if a small box A is in the center of another box

B, box B is likely a drawer instead of a door or a handle. On aver-

age, prediction using finetuned object detector performance is worse

than using GT boxes due to detection error. However, one surprising

observation is that using detected boxes helps slightly with identify-

ing global object types. We hypothesize this is because boxes labeled

by humans sometimes group multiple cabinets into one single box if

they are close, making mesh prediction slightly challenging.

RealityGym: With the ability to cheaply generate an arbitrary num-

ber of realistic simulation assets directly from the internet, we intro-

duce RealityGym, a robot learning suite with a collection of realistic
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Figure 34: Qualitative study of URDFormer generalization to other scenes
and objects with successful and unsuccessful (highlighted in red)
examples. In particular, We train URDFormer on the new dataset
with added categories shown in Fig33 and evaluate on inter-
net images for both object-level and global prediction. Interest-
ingly, we did not train URDFormer on the Laundry Room and
Study Room but found URDFormer can generalize to these un-
seen categories, which is likely due to the two-stage training of
URDFormer Global and URDFormer Part. Please note that URD-
Former does not reconstruct accurate meshes or predict proper-
ties such as friction or mass, which is detailed in the limitation
and future work sections.

simulation assets and scenes created from real world RGB images us-

ing URDFormer. We provide an initial set of 300 objects (Cabinets,

Ovens, Fridges, wahsers and Dishwashers) and 50 kitchen scenes

from internet images, with future work looking to expand this into

a bigger dataset. In addition, we also provide 84 meshes of cabinet

frames, 20 door meshes, 59 drawers, 440 handles and 116 knobs from

PartNet[96]. We can randomly incorporate these meshes into the ini-

tial URDFs to generate diverse scenes complete with articulated ob-

jects. We define 4 main tasks: (1) Open any articulated parts i. e.top

middle drawer (2) Close any articulated parts (3) Fetch objects (4)

Collect objects. We automatically generate tasks and their language

descriptions, and use a motion planner (Curobo [139]) to complete

the tasks. Fig 28 and Fig 29 show examples of robots performing in

RealityGym on a variety of generated simulation environments and

assets. Details about RealityGym can be found in Appendix C.
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5.4.3 Can URDFormer generalize to diverse objects and scenes?

In order to demonstrate the generalization capability of URDFormer,

we used the same techniques discussed on Section 5.2 to create five

additional object categories and four additional scene categories for

qualitative evaluation. The new object categories are toilet, microwave,

desk, laptop and chair, while the four scene categories are bedroom,

bathroom, laundry room and study room. We trained a single new

part model that incorporates these additional categories by adding

approximately 6k training examples per object category to the orig-

inal training dataset. We took the same approach to train a single

global scene model and added approximately 10k training examples

for the bathroom and bedroom. We found that the laundry room and

study could be adequately captured with no new global scene ex-

amples, as these categories only contain objects that are present in

the other scene categories. Figure 33 shows example training data

generated by the forward pipeline, while Figure 34 shows qualitative

examples of objects and scenes inferred by a URDFormer trained on

this data. More examples are available in Appendix C.

5.4.4 Can URDFormer support different robots and tasks?

Figure 35: We trained a Stretch robot on a multi-step task "Clean Up the
Table Surface" using URDFormer prediction

To demonstrate that URDFormer supports multi-step tasks and differ-

ent robots, we train an additional policy for a Stretch robot to place an
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Figure 36: URDFormer can be applied to a different robot such as a Stretch
Robot to perform a multi-step task such as "clean up the table
surface". We apply URDFormer to predict the URDF of a study
desk, and render a dataset to train a vision-based policy to predict
an affordance map at each step.

object in a desk drawer as shown in Figure 35. Figure 36 shows the

data generation process for training the mobile robot’s policy. First,

a single image of the robot’s environment is passed to a pretrained

URDFormer model to produce a scene description of the desk. Then,

this scene description is used to generate training data in simulation

that can instruct the robot how to accomplish it’s multi-stage objec-

tive. When generating this data, we use an inpainting model [126] to

reduce the sim2real gap by inpainting the pixels covered by the simu-

lated object overlaid onto the original image. Finally the robot policy,

which predicts a per-step affordance map from an initial image, is

trained on this new generated data. This policy is implemented as a

UNet, which takes the initial observation, as well as the task embed-

ding and predicts multiple object affordance maps. These affordance

maps are used with a motion planner to guide the robot at each step.

Details on training the policy can be found in Appendix C.

5.5 limitations and future work

Please see the full list of limitations and future work in Appendix C.

Part Detection URDFormer relies on the performance of bounding

box detection. Although the finetuned Grounding DINO improves

performance than the pretrained model, there is still a gap for im-

provement, especially on global scene detection.

Texture and Meshes URDFormer focuses on predicting kinematic

URDF structures and uses predefined meshes that might not match

the real-world scenes. To apply textures, we simply assume all parts
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are rectangular shapes, and use the bounding box of each object part

to crop the image and import it into a uv map template. However,

this does not work for irregular meshes such as a donut-shape door,

or when the object in the image is tilted.

Limited URDF Primitives URDFormer currently only supports ar-

ticulated objects that have limited joint types such as prismatic and

revolute, and cannot predict complex objects such as cars and lamps.

Link Collisions URDFormer only predicts URDF primitives for

each bounding box, which sometimes leads to a collision between

two links. Further post-processing is required to resolve this issue.

Multiple Trained Components Our pipeline is not trained end-

to-end and consists of multiple learning components. While this in-

creases the complexity of the system, it is necessary to ensure consis-

tency when using the generative model, and make the most use of

existing pretrained components.

Inferred Physical Properties Our system does not presently at-

tempt to infer physical properties such as mass, inertial moments or

friction directly from observations in the scene. In theory, the visual

information present in the images may allow for a rough approxima-

tion of these quantities. We expect this to be a productive direction

for future work.

5.6 summary

We present a scalable pipeline for creating articulated simulation as-

sets from real-world images. In particular, we introduce a forward-

inverse framework that generates realistic and consistent images of ar-

ticulated objects and trains a transformer-based network URDFormer

to predict their corresponding URDFs. We present RealityGym, a

robot learning suite with realistic simulation assets generated from

real-world images. Additionally, we show that the predicted URDFs

with targeted domain randomization enable better zero-shot perfor-

mance in the real-world. Our pipeline provides the first step towards

cheaper and scalable realistic scene generation for robot learning.



6
C O N C L U S I O N

Visual imitation learning enables robots to interact with their environ-

ment using image-based observations. However, training such visual

policies can be expensive and time-consuming due to the need for ex-

tensive data collection. Traditional augmentation methods often fail

to accurately represent real-world distributions, which limits robot

generalization in unseen situations.

To address this challenge, I have introduced targeted generative

augmentation. This approach aims to generate data that closely mim-

ics real-world scenarios, thereby effectively expanding the initial dataset

in a semantically meaningful way. In this dissertation, I explored the

use of targeted generative augmentation through three lines of work:

Static Targeted Augmentation for Visual Diversity: I introduced

GenAug, a controllable augmentation system that increases scene di-

versity by leveraging a text-to-image diffusion model. I have shown

that this augmented dataset notably improves robot policies in com-

pletely unseen scenes and objects, with only a minimal amount of

initial expert demonstrations.

Dynamic Targeted Augmentation for Physical Realism : I devel-

oped ISAGrasp, a method that combines targeted augmentation with

simulation to synthesize diverse object shapes and their successful

grasping poses. This approach demonstrates that integrating targeted

augmentation with a physics simulator can produce physically ac-

curate augmented data, thereby enhancing robot performance with

unseen objects and scenarios.

Contextual Targeted Augmentation for Real-World Scene Gener-

ation: I presented URDFormer, a pipeline that constructs detailed

kinematic structures of articulated objects and scenes directly from

RGB images. This method utilizes image data from the internet to cre-

ate more realistic and potentially large-scale simulated environments.
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The generated simulations are applicable for training downstream

robotic tasks and can be effectively transferred to real-world scenes.

This thesis highlights the role of targeted generative augmenta-

tion in overcoming the challenges of expensive data collection and

in emulating real-world distributions for visual imitation learning. In

the future, it would be interesting to explore the integration of data

generation in a closed-loop system. This system would observe real-

world failures of robots and generate more challenging data to im-

prove the robustness of robot policies in scenarios where robots are

more likely to fail. Additionally, combining contextual targeted aug-

mentation with real-world 3D scans to create accurate and interactive

simulation assets is another direction worth pursuing. Another inter-

esting direction is the development of more accurate digital twins by

incorporating common sense physics, such as object mass and friction

based on materials, into simulation content generation. As training a

generalizable robot policy for unstructured environments remains a

challenging problem, I hope this work inspires fruitful steps in this

direction.
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G E N A U G

a.1 real-world experiments

a.1.1 Real-World Tasks

We collect 10 pick-and-place tasks in the real world in one single en-

vironment, as shown in Figure 38. All tasks are collected with only

10 demonstrations in one single environment. For each demonstra-

tion, we randomly place objects within the work zone of the table. To

augment the demonstration, we apply GenAug 100 times per demon-

stration, resulting in 1000 augmented demonstrations for each task.

a.1.2 depth-guided diffusion model vs inpainting

We further justify the choice of using a depth-guided diffusion model,

as shown in Figure 37. Directly using the inpainting model often does

not result in reasonable visual augmentation. Instead, GenAug uses

a depth-guided diffusion model together with predefined 3D meshes,

resulting in realistic new objects and scenes.

a.1.3 Real-World Unseen Environments

In this section, we visualize examples of unseen test scenes that are

used for evaluation for all 10 tasks, as shown in Figure 46. For each

task, we evaluate GenAug performance on 10 unseen environments,

10 unseen objects to place and 10 unseen objects to pick.
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Figure 37: Comparison between depth-guided diffusion model with access
to predefined 3D meshes and inpainting models.

Figure 38: Tasks used in the real-world experiments.

a.1.4 Real-World Evaluation

We visualize the demonstration environments collected in the real

world as well as their corresponding unseen test environments and

objects. Please see our website for better visualization https://genaug.github.io

We visualize pick and place affordances predicted by CLIPort trained

with GenAug in Figure 45

https://genaug.github.io
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a.2 simulation experiments

a.2.1 Table-top Pick and Place Tasks

We perform a large-scale evaluation in simulation. In particular, we

collect 1, 10, 100 demonstrations for 5 tasks: "Pack the brown round

plate", "Pack the straw hat", "Pack the green and white striped towel",

"Pack the grey soccer shoe" and "Pack the porcelain cup", and report

the average success rate across all tasks. Following evaluation metrics

defined in CLIPort [135] and TransporterNet [170], the success rate is

defined as the total volume of the pick object inside the place object,

divided by the total volume of the pick object in the scene.

a.2.2 Behavior Cloning

In addition, we perform another experiment to show GenAug can

apply to a different task: "close the top drawer" with a fetch robot.

In particular, we collected 100 demonstrations and trained a CNN-

MLP behavior cloning policy finetuned with R3M [104] embeddings.

The input for the network is the RGB observation and the output is

a 8-dim action vector. We tested on 100 unseen backgrounds using

iGibson [132] rooms and observed GenAug is able to achieve 60%

success rate while policy without Genaug is only 1%, leading to al-

most 60% improvement. Please see the visualizations on the website

https://genaug.github.io

a.2.3 Augmented Dataset in Simulation

Given demonstrations from a task collected in simulation, we apply

GenAug 100 times for each demonstration. We visualize examples of

the augmented dataset in Figure 39.

We also observe diverse visual augmentation on the same object

template, as shown in Figure 40. Given different text prompts, GenAug

is able to generate different and realistic textures.

https://genaug.github.io


A.3 visualization of baseline data augmentation 109

Figure 39: Augmented dataset for demonstrations collected in simulation.

Figure 40: Diversity of the appearance of the generated objects

a.3 visualization of baseline data augmentation

We visualize some examples of randomly copying and pasting seg-

mented images from LVIS dataset [45], as shown in Figure 41.

Figure 41: Examples of random copy and paste baseline. We extracted
queried segmented images from LVIS dataset and paste them di-
rectly on the original demonstration image. This usually leads to
low-quality and incomplete image generation.
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We observe this baseline often results in unrealistic, low-quality

image generation, which is not usually matching observations during

test time in both real-world and simulation.

Figure 42: Examples of augmented dataset given observations of demonstra-
tions collected in a simple environment.

Figure 43: Pick and Place affordance predicted by CLIPort that trained on
GenAug on unseen environments and objects in simulation and
the real world.

a.4 visualizations for real-world experiments

In this section, we visualize more examples of applying GenAug on

demonstrations collected in the real world, as shown in Figure 42. We

train CLIPort [135] with such a dataset and evaluate unseen environ-
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ments and objects for 10 tasks. We further show affordance predic-

tions in Figure 45 and Figure 43.

a.5 assumptions on object masks

We found applying diffusion models on zoom-in image crops usually

results in better results, especially for small objects. Note that with

the advances in open-VLM, object masks can be automatically ob-

tained from such as SAM [68], shown in Fig.44. In addition, GenAug

uses object masks to update correct depth and provide more control-

lable augmentations such as only changing the object texture. How-

ever, GenAug is still able to do global augmentation without masks

if depth update is not required.

Figure 44: Prediction masks by the Segment Anything Model[68]

a.6 future work

In the future, we are interested in extending GenAug to other grip-

pers and tasks that are beyond simple pick-and-place tasks. In partic-

ular, it would be interesting to investigate if we can train a diffusion

model that can augment robot, action and scenes together. We are also

interested in applying video diffusion models such as dreamix [97]

to ensure visual smoothness for tasks that requires temporal consis-

tency. In our current setup, we only have one front camera mounted

on a tripod. For future work, we hope to add a wrist camera on the

robot. This will give us flexibility to control the camera and find the

object. In addition, combining GenAug with the power of common

sense reasoning from LLM such as chatGPT to augment actions with

reasoning on object physics would be interesting.
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Figure 45: Prediction of pick and place locations on various tasks with
GenAug
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Figure 46: Unseen test set in the real-world experiments.



B
I S A G R A S P

b.1 method

b.1.1 Domain Randomization

We use domain randomization during refinement stage with rejection

sampling. We randomize object mass from m ∈ [0.05 kg, 0.25 kg] and

object friction from µ ∈ [0.7, 1]. After the object is lifted, we add 1

second high-frequency perturbation sampled from a Gaussian distri-

bution ∼ N(0, 0.01)m on the palm translation. We repeat this process

10 times and keep grasps that are robust and successful for all 10

random physics parameters.

b.1.2 Network

We describe our training details in this section. We sample N = 1024

points from the target object, and predict pregrasp translation, rota-

tion and final finger pose. We use batch size bs = 256, learning rate

lr = 0.0002 and use a Pytorch Adam optimizer to train our network

with two GPUs. During training, we use Nvidia Apex [23] to achieve

mixed-precision training through all our experiments.

We shift the input pointcloud to its center and predict translation

relative to this center. To achieve rotation invariance, we online aug-

ment rotation of the robot rotation, represent centered input observa-

tion relative to the current robot rotation, and predict pregrasp rota-

tion relative to the current robot rotation. The training loss is defined
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as L1 loss on translation, geodesic loss on rotation and L1 loss on

finger joints.

∥πθ
translation(· | p, N⃗p, N⃗o, N⃗f, N⃗t) − (ai)translation∥ (6)

+G(πθ
rotations(· | p, N⃗p, N⃗o, N⃗f, N⃗t), (ai)rotations) (7)

+∥πθ
finger(· | p, N⃗p, N⃗o, N⃗f, N⃗t) − (ai)finger∥ (8)

b.2 appendix b : experiment

b.2.1 Dataset and Evaluation

In simulation, we evaluate our policies on three dataset: RescaledYCB,

ShapeNet and GoogleScans. We visualize examples of the three datasets

in Figure 47. We use 65 RescaledYCB objects, 200 ShapeNet objects,

and 200 GoogleScan objects. For each object, we evaluate 5 times

with object mass/friction as (m = 0.05,µ = 0.8), (m = 0.1,µ = 0.85),

(m = 0.15,µ = 0.9), (m = 0.2,µ = 0.95), (m = 0.25,µ = 1).

RescaledYCB ShapeNet GoogleScan

Figure 47: A subset of Examples used for evaluation.

b.2.2 Baselines

Random: We randomly generate robot pose (22DOF) around the ob-

ject. In particular, we uniformly sample translation from t ∈ [0.1m, 0.1m],

rotation r ∈ [−0.5rad, 0.5rad] and fingers f ∈ [0.5rad, 1rad]. This

method performs poorly and only only achieves 3%, 5% and 2% suc-

cess rate on RescaledYCB, ShapeNet and GoogleScans.
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Train on successful random: Using the random approach above,

we first randomly generate 10 grasp candidates, then apply rejec-

tion sampling with domain randomization to further remove unstable

grasps. At this stage, 26% random grasps can be successfully refined

and form a dataset. We train a policy using this dataset and achieve

15%, 42% and 18% on RescaledYCB, ShapeNet and GoogleScans.

Heuristic: We use a heuristic that we have seen being used for

grasping in practical systems: grasp the object from the top, with

a fixed 5cm offset from the object top surface. We observe 27%, 40%,

and 16% success rate achieved on RescaledYCB, ShapeNet and GoogleS-

cans.

Train on successful heuristic: Followed by Heuristic method we

described above, we perturb the initial heuristic grasp and generate

10 grasp candidate for each object, then apply rejection sampling with

domain randomization. We observe 30% grasps can be successfully

refined. We train a policy on these refined grasps and achieve 9%,

15%, 2% success rate on RescaledYCB, ShapeNet and GoogleScans.

GraspIt! We use GraspIt![94] as one of baselines. For each object,

we run 70000 steps to optimize the grasps based on contact energy.

Each optimization takes about 50-70seconds. This can achieve 14%,

48%, 24% success rate on RescaledYCB, ShapeNet and GoogleScans.

During our experiments, we found GraspIt! often generates grasps

that are impossible to reach from a open-fingered pregrasp pose due

to the collision of the table surface. We further reduce this "penalty"

by disabling table-robot collision when closing fingers. Despite this

additional step, GraspIt! still has low success rate on all three dataset

(See Section 4). We compare qualitative examples between GraspIt!

and our method in Figure 48. Our policy generates more natural and

stable grasps than GraspIt!.

Train on successful GraspIt Using GraspIt method described above,

we generate 10 grasp candidates for each object and apply the same

rejection sampling with domain randomization. We train a policy on

these grasps and achieve 29%, 42%, 20%.
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Figure 48: Qualitative comparison between GraspIt! (Top) and our method
(bottom). Our policy utilizes a few human demonstrations and
trained to generates more natural and stable grasps

PPO w/o Demonstration: We train two RL baselines: (1) PPO with-

out demonstrations (2) PPO with demonstrations. We detail the im-

plementations of these two methods as below.

Starting from an initial robot pose, we first move the robot along

a linear path towards the object center and stop when its 5cm away

from the object. Starting from this pose, we train RL policies using

PPO and compare when demonstration is or not used as a reward

function. After 5 timesteps, we define a lifting action from the last

pose. In particular, the demonstration reward at each time step is

defined as:

rt = exp(−20 ∥dt − gt∥2) (9)

rq = exp(−10 ∥dq − gq∥2) (10)

rf = exp(−10 ∥df − gf∥2) (11)

r = rt + rq + rf (12)

Here dt represents final pose translation from the demonstration,

dq represents final pose quaternion from the demonstration, and df

represents the final finger pose from the demonstration. g represent

predicted poses. In addition, we add final success as the sparse re-

ward. We train each method with three seeds and visualize the per-

formance of the two policies during training on 20 seen YCB objects

in Figure 49. RL policies suffer at generalizing to a wide range of

objects even with training objects, with below 5% success rate.
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Figure 49: RL baselines evaluated on training set. Blue: training with demon-
stration as reward, Green: training without demonstration as re-
ward

PPO with dense distance reward We refined the above PPO by

adding a dense distance reward together with a contact reward. More

formally, at each timestep, we define reward function as:

r = exp(−1
∑

∥fi − o∥) + Nc/Nr (13)

Here fi represents fingertip i on allegro hand, o represents the object

center, Nc represents number of fingers contacting the object, and Nr

represents number of robot fingers, which is 4 for allegro hand.

DAPG + DR To combine RL with imitation learning, we imple-

ment the DAPG algorithm described in [122]. We use the original

DAPG code and replace the original MLP policy network with our

PointNet++ style architecture in order to take pointclouds as input.

Directly learning pointnet++ from scratch using DAPG results in sig-

nificant long time when computing natural policy gradient (about 5hr

per iteration). Therefore, we load a pretrained pointnet++ weights,

and freeze this part during training. During training, we randomize

the object weight and friction in order to predict more stable grasps.

We train DAPG for about 3days, and found this approach achieves

46%, 51%, 53% on RescaledYCB, ShapeNet and GoogleScans.
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DexYCB -DR -SA In order to compare the importance of domain

randomization, we generate a new dataset without domain random-

ization. We found that policies trained on this dataset can only achieve

34%, 35% and 22% success rate on RescaledYCB, ShapeNet and GoogleS-

cans.

DexYCB +DR -SA We generate stable grasps on DexYCB using

rejection sampling with domain randomization. We found policies

trained on this dataset achieve 74%, 56% and 51% success rate on

RescaledYCB, ShapeNet and GoogleScans.

DexYCB +DR +SA We run our approach that is trained on a dataset

combines implicit shape augmentation and domain randomization

and observe 74%, 74% and 70% success rate on RescaledYCB, ShapeNet

and GoogleScans.

b.2.3 Ablation Analysis.

We provide additional analysis to investigate two questions: (1) how

many demonstrations is necessary (2) How much augmentation is

needed.

Impact of Number of Human Demonstrations. We compare poli-

cies trained when 1, 5, and 10 demonstrations per object are pro-

vided. Figure 50 (b) compares the average success rate evaluated on

200 ShapeNet objects and 200 GoogleScans objects. In particular, we

found the number of demonstration does not necessarily improve

the generalization for training explicitly with initial 20 YCB objects,

the more demonstrations helps the overall generalization on training

with augmented objects.

Impact of amount of augmented training data. Figure 50 (a) com-

pares the impact of number of augmentations with 10 demonstrations

per object. We create different datasets with different numbers of aug-

mentation to train policies and compare on ShapeNet objects and

GoogleScans objects. Interestingly, we found as number of augmenta-

tions goes up, the performance does not consistently go up. Overall,

generating 200 augmented objects leads to the highest success rate.
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b.3 appendix c . qualitative results

b.3.1 Grasping in Simulation

To evaluate performance in simulation, we directly reset the robot

from the starting pose to the predicted pregrasp pose. and do linear

interpolation between an open palm to the final finger pose over 10

timesteps. We define a lifting trajectory that to move the robot trans-

lation up by 20cm. We evaluate the policy on 465 unseen objects and

show qualitative examples in Section 4, and Figure 51. Please check

out more visualization in our supplementary video.

Number of demonstrationsNumber of Augmentations

(a) (b)

Figure 50: Ablation analysis. (a) Analysis on number of augmentations. In
our experiments, we use 200 augmentations for each object. (b)
analysis on number of demonstrations. More demonstrations
leads to high success rate, but more object augmentation leads
to better generalization.

Figure 51: More qualitative results in simulation and real world. Top two
rows shows policy performs on googleScans objects, bottom row
shows policy on unseen daily objects in the real world.
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da b c

Figure 52: Baseline Failure mode. Top: Heuristic approach suffers from chal-
lenging objects which require more careful reorientation. Middle:
Heuristic approach is less likely to succeed if grasping from top
is less stable. Bottom: Failure mode in GraspIt. (a) Collision to ta-
ble when close fingers from an open palm. (b)(c) unstable grasp
when lifting the object up (d) challenging object to optimize.

b.3.2 Grasping in Real World

We evaluate our grasping policy in real world with 22 unseen objects,

with 5 random poses per object. Figure55 shows all the objects used

in the test. We place two cameras to capture enough pointclouds of

the object. Starting from the default pose, the robot first retracts to a

pose such that two cameras can capture the scene without occlusions.

To get object pointclouds, we use RGB images to subtract the table

background, which is used to extract pointclouds of the object. We

feed the object pointcloud to the network and predict a pregrasp pose

and a final pose. We extend the location of the pregrasp from the

object center by 10cm and interpolate from the robot starting pose

to the new pose. Once the new pose is reached, we follow the linear

path that leads to the pregrasp pose. When the pregrasp is reached,

we perform linear interpolation to control finger from an open-palm

to the final predicted pose.
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a b c

Figure 53: Failure cases of our approach. (a) large cracker box lying on the
table which is too large to grasp. (b) our approach might collide
with the table when trying picking up a scissor. (c) Eagle with
two wings requires particular ways to grasp, e.g. grasping left
wing.

Original Size RescaledYCB 

Figure 54: Comparison of training size and RescaledYCB dataset. The
rescaled YCB dataset is created by scaling different dimensions
of objects in the DexYCB dataset. This results in objects of widely
varying sizes, rather than very different shapes.

b.3.3 Implicit Shape Augmentation

We use a correspondence-aware generative model DIF-Net [33] to de-

form objects for our dataset. We show more examples of the diversity

of our augmented dataset in Figure 56. DIF-Net is able to generate re-

alistic deformation while maintaining the semantic structures of the

original object meshes.

b.4 appendix e future work

There are several interesting future directions to explore. For exam-

ple, it would be very interesting to see if we can adapt implicit shape
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Figure 55: We evaluate our method using 22 unseen daily objects in real
world experiments. Here we visualize all the Objects used in our
robot test

augmentation and create diverse multi-object environments. It would

be worth exploring augmentation in the task space, where demonstra-

tions can be divided and recombined for a different task. We are also

interested in shape augmentation with an adversarial setting, where

a separate network is learning to deform shapes that policy are more

likely to fail.
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Original Deformed

Figure 56: Examples of deformed objects in our augmented dataset
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b.5 conclusion

We present ISAGrasp, a novel system for learning dexterous grasping

policies in the real world. ISAGrasp leverages a data augmentation

approach that bootstraps a small number of human demonstrations

with a large dataset with diverse and novel objects and grasps. By

using a correspondence-aware generative model, we can deform orig-

inal object shapes and generate dynamically consistent new grasps.

We create a large and diverse grasping dataset and train a policy via

supervised learning that can then be deployed in simulation and the

real world on grasping novel objects, achieving over 75% success rate

on grasping novel object instances in the real world.
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c.1 paired dataset generation for training urdformer

c.1.1 Consistency-aware Image Generation

We observe that depth-guided or in-painting stable diffusion mod-

els [126] often ignore local consistency, making it difficult to render

high-quality images that are paired with the simulation content. To

overcome this issue, we propose texture-guided image generation. In-

stead of asking stable diffusion to texture the entire object which

might change the low-level details, we utilize the advantage of the

diffusion models that help to diversify an initial small set of texture

images. In particular, given an initial 100 cabinet texture images we

downloaded from the internet, we apply stable diffusion to change

the style, pattern, or color, which significantly increases the texture

dataset. Then we randomly choose a texture and simply apply it to

regions of interest (i. e.drawer, door) obtained by the simulator using

perspective warping. One important note is that these texture images

are not UV texture maps, instead they are simply 2D images, and the

texturing step is only at 2D image space because we only care about

the photo realism for that particular image. As shown in Fig 11, this

simple approach is surprisingly effective and creates realistic images

while maintaining low-level part consistency.

c.1.2 Part-Consistency

We compare our part-wise generation method with other approaches

qualitatively in Fig 58. off-the-shelf stable diffusion models often ig-

nore low-level details, making it challenging to create high-quality

accurately paired dataset. Instead, our approach helps to preserve se-

126
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Synthetic RGB Depth-guided

Part-consistent RGB

Original Texture Generated Texture

Figure 57: Paired dataset generation using texture and prompt templates to
guide Stable Diffusion [126] and create a diverse texture dataset,
which can be then warped on the targeted individual part of the
object.

Depth-guided Inpainting Structure-Aware (ours)Original Sim RGB

Figure 58: Qualitative comparison among different rendering methods:
depth-guided diffusion models, inpainting stable diffusion and
part-wise generation

mantic low-level details while creating photorealistic paired images

that match the original textureless simulation data.

c.1.3 Visualization on Ablations

We visualize the different training data shown in Table II: URDFormer

with random colors, selected textures, random textures, and gener-

ated textures. All training inputs are captured from the same camera

angles. As shown in Fig 59, the generated texture shows high pixel

realism that is closer to the distribution of the real world. As shown

in Table II, training on such data improves performance in predicting

mesh classes such as identifying ovens or cabinets.
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Random Color Synthetic Texture Random Texture Generated

Figure 59: Visual comparison for ablation study with different training in-
put: Random Colors, selected textures, random textures and
generated textures. Generated textures show photo-realism that
closer to the real-world distribution.

c.2 urdformer

c.2.1 Dataset

In total, we generated approximately 118K image-URDF pairs across

5 common categories of articulated objects in the kitchen including

cabinets, ovens, dishwashers, washer, and fridges, as well as 2 types of

rigid objects oven fans and shelves. These articulated objects include

part meshes in 8 types: drawer, left door, right door, oven door, down

door (dishwasher), circle door, handle and knob.

c.2.2 Training Details

URDFormer is trained on one A40 GPU with batch-size of 256. For

the ablation study shown in Table II, all the methods are trained with

an equal number of epochs and evaluated using the last checkpoint.

In particular, we train 130 epochs for global scenes and 80 epochs for

objects.
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Figure 60: Reality Gym Assets: Converting real-world images into fully in-
teractive simulation assets. Given internet images, we apply fine-
tuned groundingDINO to obtain 2D part boxes. These boxes and
RGB images are fed into URDFormer to generate articulated sim-
ulation assets that match the real-world structure.

c.3 reality gym

c.3.1 Realistic Assets from Images

Fig 60 shows examples of assets predicted from internet images. Given

an RGB image, we first apply finetuned GroundingDINO (model

soup applied) to obtain 2D bounding boxes for each part. These boxes

and the original RGB image are fed into URDFormer to predict the

corresponding URDF which matches the kinematic structure of the

image. We introduce 4 main tasks (1) Open any part (2) Close any

part (3) Fetch the object (4) Collect the object, and automatically gen-

erate successful demonstrations using Curobo [139] and their corre-

sponding language descriptions.

c.3.2 Targeted Domain Randomization

To covert the real-world distribution, we further apply targeted do-

main randomization. This includes (1) Mesh Randomization: we ran-

domly replace the original meshes with meshes from the PartNet [96]

dataset for parts such as doors, handles as well as cabinet frames,

shown as Fig 61(2) Texture Randomization: we use stable diffusion to
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Original Image Variations of Generated Assets

URDF Template

Figure 61: URDFormer does not reconstruct meshes. To cover the distribu-
tion of the real world, we randomly choose meshes from the Part-
Net dataset to replace the original part meshes for handles, draw-
ers and so on.

Original Texture Randomized Texture

Figure 62: We randomize the texture of the object using stable diffusion to
cover the distribution of the real world

generate different style of cropped texture images to form UV texture

maps, shown as Fig 62.

c.4 real-world experiments

c.4.1 Data Collection in Sim

We introduce 4 different tasks and distribute 2 tasks for each object.

(1) Open any articulated part (2) Close any articulated part (3) Fetch

the object from a particular drawer (4) collect the object into a particu-

lar drawer. For each task, we collect 500 demonstrations in simulation

with objects in different poses. During training, we additionally ap-

ply online pose augmentation, as well as color augmentation for RGB

pointcloud to reduce the sim2real gap.
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"open the top middle drawer"

CLIP
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(x,y,z,q,f)

Trajectory 
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Action Decoder
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Point Cloud Encoder

Transformer Decoder
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Figure 63: We train language-conditioned policy based on M2T2 network
structure. The network takes RGB pointcloud and predicts endef-
fector poses to complete the task.

c.4.2 Visualization of OWL-VIT

"object in the opened drawer"
"coconut water bottle"

"object"

"drawer"
"handle"

"handle"
"opened door"

"door"

"bottom drawer"
"opened drawer"

"bottom opened drawer"
"black object"

"right door"
"opened door"

"right cabinet door"

"top left drawer"
"left drawer"

"handle"

"top opened drawer"
"opened drawer"

"opened drawer"
"drawer"
"handle"

Figure 64: Examples on using OWL-VIT [95] in our robot experiments.

We also visualize examples of OWL-VIT [95] on our test observa-

tion. We tried multiple prompts and shows the best predicted results

in Fig. 64. Unfortunately, this approach fails to detect useful parts

given the language instruction.

We also provide additional visualization on more test results. We

observe OWL-VIT [95] fails on spatial reasoning and cannot provide

accurate detection on specific regions or articulated parts such as "top

drawer" or "opened door".
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"Left Door" "Right Drawer"

"Left Door" "Top Drawer" "Opened Drawer"

"Opened Door" "Cabinet Door"

"Door"

Figure 65: Examples of OWL-VIT on more tasks. We observe that this
method fails to detect parts that require spatial reasoning such
as "top drawer" or "opened door".

c.4.3 Policy Training

We train a language-conditioned policy for two tasks per object. We

adopt network architecture from M2T2 [168], that takes RGB point-

cloud and CLIP embeddings, to predict two end-effector poses, i.e

where to place the gripper to grab the handle and where to release

the handle to open the door. In particular, the transformer decoder

concatenates the current endeffector pose and the text features, and

combines the point features from the point cloud encoder, and pre-

dicts the endeffector pose in the next step.

c.5 limitations and future work

Part Detection URDFormer relies on the performance of bounding

box detection. Although the finetuned Grounding DINO improves

performance than the pretrained model, there is still a gap for im-

provement, especially on global scene detection. It would also be in-

teresting for future work to remove the bounding box constraints and

directly predict URDFs in language format from images.

Texture and Meshes URDFormer focuses on predicting kinematic

URDF structures and uses predefined meshes that might not match

the real-world scenes. To apply textures, we simply assume all parts

are rectangular shapes, and use the bounding box of each object part

to crop the image and import it into a UV map template. However,

this does not work for irregular meshes such as a donut-shape door,
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or when the object in the image is tilted, which can be an interesting

future work.

Limited URDF Primitives URDFormer currently only supports ar-

ticulated objects that have limited joint types such as prismatic and

revolute, and cannot predict complex objects such as cars and lamps.

Link Collisions URDFormer only predicts URDF primitives for

each bounding box, which sometimes leads to a collision between

two links. Further post-processing is required to resolve this issue.

Global Scene We observe it’s challenging for object detectors such

as GroundingDINO to produce high-quality part detection results.

For future work, we are interested in training a better URDFormer

for global scenes and expanding kitchens into other scenes such as

living rooms or bathrooms.

Object Placement URDFormer only predicts the kinematic struc-

ture of the scene for a few common articulated objects, and it cannot

predict poses for objects such as water bottles on the counter. In our

future work, we are interested in expanding URDFormer to cover

more diverse assets and object placement.
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