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Abstract

In recent years, many works in Computer Vision and NLP have demon-
strated remarkable steps toward generalization through the collection and use
of diverse datasets. However, collecting large-scale robot datasets is often dif-
cult due to many reasons including cost, reliance on human supervision, and
safety. An alternative approach is to take advantage of the accessibility and
wide variety of human videos available on the internet. In this thesis, we in-
vestigate two approaches that use human videos for robotic control without
relying on robot demonstrations.

In our rstwork, we use human videos as a prior for dexterous manipulation.
Humans are able to perform a host of skills with their hands, from making food
to operating tools. In this work, we investigate these challenges, especially in
the case of soft, deformable objects as well as complex, relatively long-horizon
tasks. However, learning such behaviors from scratch can be data ine cient. To
circumvent this, we propose a novel approach, DEFTOE xterous Fine-T uning
for Hand Policies), that leverages human-driven priors, which are executed
directly in the real world. In order to improve upon these priors, DEFT involves
an e cient online optimization procedure. With the integration of human-
based learning and online ne-tuning, coupled with a soft robotic hand, DEFT
demonstrates success across various tasks, establishing a robust, data-e cient
pathway toward general dexterous manipulation.

In our second work, we introduce a method to learn a domain- and agent-
agnostic reward function from large-scale egocentric human data. Prior ap-
proaches that use human data for reward learning either require a small sample
of in-domain robot data in training or need a goal image speci ed in the robot's
environment. In this work, we focus on the setting where only human data is
available at training and test time. Our approach trains a multi-task reward
function that learns to discriminate between di erent tasks by observing the
changes in the environment. We show that our method has strong performance
on three simulation taskswithout the help of robot demonstrations in training
or in-domain goals.

The source code for this thesis document is available at:
https://github.com/adityak77/masters-thesis


https://github.com/adityak77/masters-thesis




Acknowledgments

I have been incredibly fortunate and grateful to have received the opportu-
nity to pursue my thesis. To the countless mentors, friends, and family who
invested in me and encouraged me to be bold, | dedicate this work to you.

First, 1 would like to thank Prof. Deepak Pathak, my thesis advisor, who
gave me the opportunity to be in an environment where | could work hard,
learn, and succeed. His ambition and encouragement to work on big ideas will
always be an inspiration for me. | would also like to thank Prof. Abhinav Gupta
for serving on my thesis committee and providing feedback on my thesis.

| would especially like to thank Shikhar Bahl for his guidance and mentor-
ship throughout my time in the lab. | am grateful for his advice, encouragement,
and his role in helping me become more independent in my research.

| would also like to thank my collaborators, friends, and everyone else who
elevated my experience throughout my time in this lab. This includes (in alpha-
betical order) Ananye Agarwal, Ellis Brown, Lili Chen, Xuxin Cheng, Shivam
Duggal, Zipeng Fu, Konwoo Kim, Alex Li, Edward Li, Pragna Mannam, Rus-
sell Mendonca, Mihir Prabhudesai, Ankit Ramchandani, Aravind Sivakumar,
Kenny Shaw, Shagun Uppal, Haoyu Xiong, and Yufei Ye.

| am privileged to have had countless mentors early in my life who set me
on the path | am today. This includes my middle school teacher Jack Black,
who instilled in me a strong work ethic, and my high school physics teacher
Michael O'Byrne, who taught me to always keep pushing beyond my comfort
zone. Furthermore, | am indebted to Prof. Abraham Flaxman, Prof. Shih-
Chieh Hsu, and the PROMYS program for taking a chance on me and giving
me the opportunity to actively work on research when | was still in high school.
Continuing into undergrad, | would like to thank Prof. Hosein Mohimani, whose
guidance cemented my desire to pursue master's research.

I would like to thank all the family and friends who have provided me with
incredible support, inspiration, and strength. | owe a great debt to my parents
for their love and support without which | surely would not have succeeded in
my master's program.



Vi



Contents

1 Introduction 1
2 Dexterous Fine-Tuning for Hand Policies 3
2.1 Introduction . . . . . . .. e e e e e 3
2.2 Related Work . . . . . . . e e 5
2.2.1 Real-world robotlearning . .. ... ... ... ... .. ...... 5
2.2.2 Learning from Human Motion . . . . .. ... ... .. ....... 5
2.2.3 Learning for Dexterous Manipulation . . . . .. ... ... ..... 5
2.2.4 Soft Object Manipulation . . . ... ... ... ........... 6
2.3 Background . . . ... e 7
2.3.1 DASH: Dexterous Anthropomorphic Soft Hand . . ... .. .. .. 7
2.3.2 Retargeting MANO to SoftHand . . . .. .. ... ......... 7
2.4 Fine-Tuning A ordance for Dexterity . . . . . . .. ... .. ... ..... 8
2.4.1 Learning graspingaordances . . . .. .. . ... ... 8
2.4.2 Fine-tuning via Interaction . . . . . .. . .. ... ... .. ... .. 10
2.5 Experimental Setup . . . . . . . . . ... e 11
251 TaskSetup . ... .. .. ... e 11
2.5.2 Online Fine-Tuning Setup . . . . . . . . .. ... ... ..... 12
2.5.3 Datasets and A ordance Model Parameters . . . . ... ... ... 12
254 Hardware Setup . . . . . . . . . .. e e 12
255 Safety . .. ... e 13
26 Results . . . . . . . . e 14
2.6.1 Eectofaordanceprior. ... ... .. ... . ... ... 14
2.6.2 Zero-shot model execution . . . . . . ... ... ... ..o 14
2.6.3 Human and automated rewards . . . . ... .. .. ... ...... 16
2.6.4 Model Architecture . . . . . .. ... 16
2.6.5 Performance on complex tasks and soft objects. . . . ... ... .. 17
2.7 Discussion and Limitations . . . . . . . .. ... L o e 18
3 Zero-Shot Rewards from Human Videos 19
3.1 Introduction . . . . . ... e e e e e 19
3.2 Related Work . . . . . . . e 21
3.21 RewardLearning . . .. . ... . . . e 21
3.2.2 Pre-training Representations for Control . . . . . .. ... .. ... 21
3.2.3 Robot Learning from Human Videos . . .. ... ... ....... 22

Vii



3.3 Zero-Shot Rewards from Human Videos . . . . . . . . . . . . .. ... ... 23

3.3.1 Learning Agent-Agnostic Representations. . . . .. ... ... ... 23
3.3.2 Addressing VisualDomainGap . . . ... ... ........... 24
3.33 RewardTraining . . . . .. . . . . . it 24
3.34 Task Execution . . . . . . . .. ... 25
3.3.5 Datasets and Environments . . . . ... ... oo 26
3.4 EXperiments . . . . . . . e e e e e e e e e 27
3.4.1 Comparisonto PriorWork . . . . . ... ... ... ... ...... 27
3.4.2 E ect of visual domain augmentation . . . .. ... ... ...... 28
3.4.3 Numberof TrainingTasks . . . .. ... ... ... ......... 29
3.5 Conclusion and Limitations . . . . . . . . . ... ... ... . 31
Bibliography 33

viii



List of Figures

2.1

2.2

2.3

2.4

2.5

2.6

2.7
3.1

3.2

3.3

3.4

We present DEFT, a novel approach that can learn complex, dexterous tasks in

the real world in an e cient manner. DEFT manipulates tools and soft objects
without any robot demonstrations. . . . . . . . . . . . ... 0oL 0 .. 3
Left: DEFT consists of two phases: an aordance model that predicts grasp
parameters followed by online ne-tuning with CEM. Right: Our a ordance
prediction setup predicts grasp location and pose.. . . . . . . . ... .. ... 8
We produce three priors from human videos: the contact location {op row ) and

grasp pose (niddle row ) from the a ordance prior; the post-grasp trajectory
(bottom row ) from a human demonstration of the task. . . . . . . . ... .. 9
Left : Workspace Setup. We place an Intel RealSense camera above the robot to
maintain an egocentric viewpoint, consistent with the a ordance model's training

data. Right : Thirteen objects used in our experiments.. . . . . . .. ... .. 11
Improvement results for 6 tasks: pick cup, pour, open drawer, pick spoon, scoop,

and stir. We see a steady improvement in our method as more CEM episodes are
collected. . . . . .. e e e e e e 15
Qualitative results showing the netuning procedure for DEFT. The model learns

to hold the spatula and ip the bagel after 30 CEM iterations. . . . ... ... 15
We evaluate DEFT on three additional di cult manipulation tasks. . . . . . . 17

Training Overview: Human data is processed as follows. We generate masks
for human arms and hands in videos from the Something-Something dataset
[Goy+17b]. Videos that do not have high-quality masks are discarded. The re-
maining videos are inpainted based on their masks. We take this set of inpainted
human videos and learn a discriminator to capture the functional features of the

At test time, we take as input a set of human demonstrations of the same task.
Using trajectories sampled from CEM, we use our reward function to judge the
similarity between every (demo, trajectory) pair. We use CEM to optimize this
reward function to generate trajectories that are most functionally similar to the

demos. . . .. e e e e e e 25
Qualitative Outputs: We show the intermediate results of (1) removing the agent
and (2) modifying the background with pre-trained text-to-image models. . .. 27
We investigate how adding unrelated tasks in training a ects the downstream
performance of our method. . . . . . .. . . .. ... .. oL 29






List of Tables

2.1

2.2

3.1

3.2

We present the results of our method as well as compare them to other
baselines: Real-world learning without internet priors used as guidance as
well as the a ordance model outputs without real-world learning. Together,

our method is able to better complete thesetasks. . . . .. .. ... .. .. 14
Ablations for (1) reward function type, (2) model architecture, and (3) pa-
rameter estimation approach. . . .. ... .. ... .. .. . o 0. 16

Fraction of successful iterations for each model with varying data used at
training and test time. Each model was averaged over 10 di erent seeds,

each seed being run for 100 CEM iterations. . . .. ... .. ... .. ... 28
Fraction of successful iterations for reward models trained with a varying
number oftasks. . . . . . .. . 29

Xi



Xii



List of Algorithms

1 Fine-Tuning Procedure for DEFT

Xiii



Xiv



Chapter

Introduction

Robotic manipulation is an important problem for deploying robots that can perform
everyday tasks in the real world. Human videos include numerous examples of humans in-
teracting with objects, which can be a very useful prior for robots. After all, most common
objects and tools are built with human use in mind, so observing how humans behave in
the world can provide essential information that can be used towards manipulation tasks.

Another important goal in robotics is generalization in terms of environments, tasks,
robot embodiments, etc... One of the reasons that other areas, such as Computer Vision
and NLP, have shown strong generalization with deep learning is that large, annotated
datasets can be collected relatively cheaply for vision and text. On the other hand, collect-
ing demonstrations with robots is di cult because it is expensive, time-consuming, and
requires human supervision for managing resets and safety concerns. Additionally, because
robots are not widely deployed in society, datasets of large magnitude do not naturally exist
on the internet.

Human videos, however, are plentiful on the internet and accessible at scale. Computer
vision tools are also advanced enough to be able to reliably extract task-relevant informa-
tion involving the actions of humans and objects in the scene. As a result, human videos
could potentially bring us closer to the grand goal of general-purpose manipulation. Rely-
ing on human videos comes with many challenges as well, including the lack of annotated
human actions and the embodiment gap between human and robot morphologies. In this
thesis, we present two works that aim to overcome these challenges and enable robots to
interact with objects by learning from human videos.

" In Chapter 2, we investigate how human videos can be used as a prior for dexterous
manipulation. Because most tools and household objects are designed to be ma-
nipulated by human hands, an anthropomorphic hand is a natural step to enable
human-like interaction with common objects. Our method, DEFT, explores in the
real world with a safe and durable soft hand. Because learning a policy from scratch
is ine cient, we develop a prior from human videos that learns to predict a ordances
for grasping the object. Experiments demonstrate that DEFT can perform a variety
of challenging tasks e ectively.



" In Chapter 3, we investigate how we can learn generalizable reward functions from
only human videos. While most methods that learn rewards from human videos
require either (1) robot demonstrations in training or (2) goal images speci ed in the
robot domain, we show that we can learn a multi-task reward without any in-domain
information. In order to bridge the visual morphology gap, our insight is to learn

a representation on data where the agents are visually removed. We show strong
results on three simulation tasks. In the future, we aim to scale to more tasks.



Chapter

Dexterous Fine-Tuning for Hand Policies

2.1 Introduction

Figure 2.1: We present DEFT, a novel approach that can learn complex, dexterous tasks in the
real world in an e cient manner. DEFT manipulates tools and soft objects without any robot
demonstrations.

The longstanding goal of robot learning is to build robust agents that can perform long-
horizon tasks autonomously. This could for example mean a self-improving robot that
can build furniture or an agent that can cook for us. A key aspect of most tasks that
humans would like to perform is that they require complex motions that are often only
achievable by hands{consider the task of tying shoelaces. Such a task would be impossible
with a parallel jaw gripper. Therefore, in this work, we investigate real-world dexterous
manipulation, its challenges, and its deployment in the real world.

A key challenge in deploying policies in the real world, especially with robotic hands,
is that there exist many failure modes. Controlling a dexterous hand is much harder than
end-e ectors due to larger action spaces and complex dynamics. This problem becomes
even more di cult when contacts with objects are more involved, as there can be many
points of contact on a robotic hand. To address this, one option is tonprove directly
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in the real world via practice. Traditionally, reinforcement learning (RL) and imitation
learning (IL) techniques have been used to deploy hands-on tasks such as in-hand rotation
or grasping. To be pro cient at any skill a lot of practice or data is needed. This is
often the case as setups are built so that it is either easy to simulate in the real world or
robust to practice. However, the real world contains tasks that one cannot simulate (such
as manipulation of soft objects like food) or di cult settings in which the robot cannot
practice (sparse long-horizon tasks like assembly). How can we build an approach that can
scale to such tasks?

There are several issues with current approaches for practice and improvement in the
real world. Robot hardware often breaks, especially with the amount of contact to learn
dexterous tasks like operating tools. We thus investigate using soft anthropomorphic
hand [Man+23], which can easily run in the real world without failures or breaking. This
soft anthropomorphic hand is well-suited to our approach as it is exible and can gently
handle object interactions. The hand does not get damaged by the environment and is
robust to continuous data collection. Due to its human-like proportions and morphology,
retargeting human hand grasps to robot hand grasps is made simpler.

Unfortunately, this hand is di cult to simulate due to its softness. Directly learning
from scratch is also di cult as we would like to build generalizable policiesand not practice
for every new setting. To achieve e cient real-world learning, we must learn a prior
for reasonable behavior to explore using useful actions. Many previous methods rely on
in-domain human demonstrations that are manually collected by a human operator or
demonstrator [SBP22; Zha+23; Pom88; Man+21]. Due to recent advances in large-scale
computer vision, we proposéveraging human data to learn prior$or dexterous tasks, and
improving on such priors in the real world. We aim to use the vast corpus of internet data
to de ne this prior. What is the best way to combine human priors with online practice,
especially for hand-based tasks? When manipulating an object, the rst thing one thinks
about is where on the object to make contact, and how to make this contact. Then, we
think about how to move our handsafter the contact In fact, this type of prior has been
studied in computer vision and robotics literature awisual a ordances [FWG15; Bah+23;
Goy+22; NFG19; Sha+20; Liu+22a; Liu+22b; WGG17]. In our approach, DEFT, we build
dexterous grasp a ordances which predict the contact point, hand pose at contact, and
post-contact trajectory. To improve upon these, we introduce a sampling-based approach
similar to the Cross-Entropy Method (CEM) to ne-tune. Speci cally, we tune the robot
hand grasp, the pose, and the post-grasp trajectory all in the real world for a variety of
tasks. This method enables iterative real-world improvement in less than an hour.

In summary, our approach (DEFT) executes real-world learning on a soft robot hand
with only a few trials in the real world. To facilitate this e ciently, we train priors on
human motion from internet videos. We introduce 9 challenging tasks (as seen in Figure
2.1) that are dicult even for trained operators to perform: Picking a Cup, Pouring
Lemonade, Opening a Drawer, Picking a Spoon, Scooping a Grape, Stirring a Spoon,
Picking Grapes, Flipping a Bagel, and Squeezing a Lemon. While our method begins to
show good success on these tasks with real-world ne-tuning, more investigation is required
to complete these tasks more e ectively. Please see our website for details and videos at
http://dexterousfinetuning.github.io



2.2 Related Work

2.2.1 Real-world robot learning

Real-world manipulation tasks can involve a blend of classical and learning-based meth-
ods. Classical approaches like control methods or path planning often use hand-crafted
features or objectives and can often lack exibility in unstructured settings [Kar+11; KLOO;
MYB16]. On the other hand, data-driven approaches such as deep reinforcement learn-
ing (RL) can facilitate complex behaviors in various settings, although these methods
frequently rely on lots of data, privileged reward information and struggle with sample
e ciency [KP08; PMALO; Lil+16; Pop+17; Pat+17]. E orts have been made to scale
end-to-end RL [Lev+16; Nai+18; Agr+16; Haa+17; Kal+18; Kal+21] to the real world,
but their approaches are not yet e cient enough for more complex tasks and action spaces
and are reduced to mostly simple tasks even after a lot of real-world learning. Many ap-
proaches try to improve this e ciency such as by using di erent action spaces [Mar+19],
goal relabeling [And+17], trajectory guidance [LK13], visual imagined goals [Nai+18], or
curiosity-driven exploration [MBP23].

2.2.2 Learning from Human Motion

The eld of computer vision has seen much recent success in human body and object inter-
action with deep neural networks. The human hand is often parametrized with MANO, a
45-dimensional vector [RTB17] of axes aligned with the wrist, and a 10-dimensional shape
vector. MANOtorch from [Yan+21] aligns it with the anatomical joints. Many recent
works detect MANO in monocular video [Wan+20; Kan+17; RSJ21]. Some also detect
objects as well as the hand together [Sha+20; YGT22]. We use FrankMocap to detect the
hand for this work.

There are many recent datasets including the CMU Mocap Database and Human3.6M
[lon+13] for human pose estimation, 100 Days of Hands [Sha+20] for hand-object interac-
tions, FreiHand [Zim+19] for hand poses, Something-Something [Goy+17a] for semantic
interactions. ActivityNet datasets [FN15], or YouCook [Das+13] are action-driven datasets
that focus on dexterous manipulation. We use these three datasets: [Gra+22] is a large-
scale dataset with human-object interactions, [Liu+22c] for curated human-object inter-
actions, and [Dam+18] which has many household kitchen tasks. In addition to learning
exact human motion, many others focus on learning priors from human motion. [Ma+22a;
Nai+22b] learn general priors using contrastive learning on human datasets.

2.2.3 Learning for Dexterous Manipulation

With recent data-driven machine learning methods, roboticists are now beginning to learn
dexterous policies from human data as well. Using the motion of a human can be directly
used to control robots [Han+20a; SSP22; Mul22]. Moving further, human motion in
internet datasets can be retargeted and used directly to pre-train robotic policies [SBP22;
MG22]. Additionally, using human motion as a prior for RL can help with learning skills
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that are human-like [Raj+17; Pen+18; MG21]. Without using human data as priors,
object reorientation using RL has been recently successful in a variety of settings [And+20;
Che+22b]. Similar to established work in robot dogs which do not have an easy human
analog to learn from, these methods rely on a lot of training data collected in simulation
along with zero-shot transfer [Aga+23; Mar+22].

2.2.4 Soft Object Manipulation

Manipulating soft and delicate objects in a robot's environment has been a long-standing
problem. Using the torque output on motors, either through measuring current or through
torque sensors, is useful feedback to nd out how much force a robot is applying [Yos85;
AS91]. Coupled with dynamics controllers, these robots can learn to not apply too much
torque to the environment around them [LP17; LT17; Kha87]. A variety of touch sensors
[Si+23; YDAL7; Bhi+21; Sun+19] have also been developed to feel the environment around
it and can be used as control feedback.

Soft robotics, like our robot hand, inherently have compliant properties that make them
sensitive to the environment [RT15; WTB18]. However, this introduces other di cult
design challenges. Soft materials can change properties and are di cult to manufacture.
Soft robots, including our robot hand, often do not know the end-e ector tip position in a
closed-loop manner [But+01; Bau+22].



2.3 Background

2.3.1 DASH: Dexterous Anthropomorphic Soft Hand

Recently introduced, DASH (Dexterous Anthropomorphic Soft Hand) [Man+23] is a four-
ngered anthropomorphic soft robotic hand well-suited for machine learning research use.
We use the DASH hand on the end-e ector of our arm for this work.

The DASH hand's human-like size and form factor allows us to retarget human hand
grasps to robot hand grasps easily and perform human-like grasps. Each nger is actuated
by 3 motors connected to string-like tendons, which deform the joints closest to the ngertip
(DIP joint), the middle joint (PIP joint), and the joint at the base of the nger (MCP joint).
There is one motor for the nger to move side-to-side at the MCP joint, one for the nger
to move forward at the MCP joint, and one for PIP and DIP joints. The PIP and DIP
joints are coupled to one motor and move dependently. While the motors do not know the
end-e ector positions of the ngers, we learn a mapping function from pairs of motor angles
and visually observed open-loop nger joint angles. These models are used to command
the nger joint positions learned from human grasps.

2.3.2 Retargeting MANO to Soft Hand

In order to use human hand poses as a prior for the end e ector joints, we need to rst
detect hand poses with a model such as MANO [RTB17], and then develop an e ective
method to retarget it to soft hand joints.

For MANO parameters, the axis of each of the joints is rotation aligned with the wrist
joint and translated across the hand. However, our robot hand operates on forward and
side-to-side joint angles. To translate the MANO parameters to the robot ngers, we
extract the anatomical consistent axes of MANO using MANOTorch. Once these axes are
extracted, each axis rotation represents twisting (not possible for human hands), bending,
and spreading. We then match these axes to the robot hand. The spreading of the human
hand's ngers (side-to-side motion at the MCP joint) maps to the side-to-side motion at
the robot hand's base joint. The forward folding at the base of the human hand (forward
motion at the MCP joint) maps to the forward motion at the base of the robot hand's
nger. Finally, the bending of the other two nger joints on the human hand, PIP and DIP,
map to the robot hand's PIP and DIP joints. While the thumb does not have anatomically
the same structure, we map the axes in the same way.

Other approaches [SSP22] rely on creating an energy function to map the human hand
to the robot hand. However, because the soft hand is similar in anatomy and size to a
human hand, it does not require energy functions for accurate retargeting.



2.4 Fine-Tuning A ordance for Dexterity

Figure 2.2: Left: DEFT consists of two phases: an a ordance model that predicts grasp param-
eters followed by online ne-tuning with CEM. Right: Our a ordance prediction setup predicts
grasp location and pose.

The goal of DEFT is to learn useful, dexterous manipulation in the real world that can
generalize to many objects and scenarios. DEFT learns in the real world and ne-tunes
robot hand-to-object interaction using only a few samples. However, without any priors
on what is useful behavior, the robot will explore the action space ine ciently. Especially
with a high-dimensional robotic hand, we need a strong prior to e ectively explore the
real world. We train an a ordance model on human videos to learn what are reasonable
behaviors the robot should perform.

2.4.1 Learning grasping a ordances

To learn from dexterous interaction in a sample e cient way, we use human hand motion
as a prior for robot hand motion. We aim to answer the following: (1) What useful,
actionable information can we extract from the human videos? (2) How can human motion
be translated to the robot embodiment to guide the robot? In internet videos, humans
frequently interact with a wide variety of objects. This data is especially useful in learning
object a ordances. Furthermore, one of the major obstacles in manipulating objects with
few samples is accurately grasping the object. A model that can perform a strong grasp
must learn where and how to grasp. Additionally, the task objective is important in
determining object a ordances{humans often grasp objects in di erent ways depending on
their goal. Therefore, we extract three pieces of information from human videos: the grasp
location, the human grasp pose, and the task.

ject is found using a pre-trained, o -the-shelf hand-object detection model [Sha+20]. Sim-
ilar to previous approaches [Bah+23; Goy+22; Liu+22a; NFG19], a set of contact points
are extracted to t a Gaussian Mixture Model (GMM) with centers = f 1; ,;:::; «kQ.
Detic [Zho+22] is used to obtain a cropped image? containing just the object in the initial
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Figure 2.3: We produce three priors from human videos: the contact location {op row ) and
grasp pose (iddle row ) from the a ordance prior; the post-grasp trajectory ( bottom row )
from a human demonstration of the task.

frame v, to condition the model. We use Frankmocap [RSJ21] to extract the hand grasp
poseP in the contact framev, as MANO parameters. We also obtain the wrist orientation

wrist IN the camera frame. This guides our prior to output wrist rotations and hand joint
angles that produce a stable grasp. Finally, we acquire a text descriptidhdescribing the
action occurring inV.

We extract a ordances from three large-scale, egocentric datasets: Ego4D [Gra+22]
for its large scale and the variety of di erent scenarios depicted, HOI4D [Liu+22b] for
high-quality human-object interactions, and EPIC Kitchens [Dam+18] for its focus on
kitchen tasks similar to our robot's. We learn a task-conditioned a ordance modél that
produces (* "wist; P) = f (V% T). We predict ~ in similar fashion to [Bah+23]. First, we
use a pre-trained visual model [Nai+22a] to encodé into a latent vector z,. Then we
passz, through a set of deconvolutional layers to get a heatmap ovef and use a spatial
softmax to estimate "

To determine ",ix and P, we usez, and an embedding of the text descriptiorer =
o(T), whereg s the CLIP text encoder [Rad+21b]. Because transformers have seen success
in encoding various multiple modes of input, we use a transformer encoderto predict
“wist ;B = T (z,;zr). Overall, we train our model to optimize

L= i Nzt Jj wist wistiiz* piiP Pz (2.1)

At test time, we generate a crop of the object using Segment-Anything [Kir+23] and
give our model a task description. The model generates contact points on the object, and
we take the average as our contact point. Using a depth camera, we can determine the 3D
contact point to navigate to. While the model outputs MANO parameters [RTB17] that
are designed to describe human hand joints, we retarget these values to produce similar
grasping poses on our robot hand in a similar manner to previous approaches [Han+20b;
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