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Social Learning
Learn by observing other agents solving the same problem.



Social Learning
What all can we learn?

High-level plans

YouCook2 Dataset: http://youcook2.eecs.umich.edu/



Social Learning
What all can we learn?

High-level semantic priors

Finding a bathroom in a new restaurant

Learn by mining spatial co-occurrences from online videos

Semantic Visual Navigation by Watching YouTube Videos Matthew Chang, Arjun Gupta, Saurabh Gupta. NeurIPS, 2020



Social Learning
What all can we learn?

Environmental affordances (third-person time-lapse)People Watching 3

  
(d) 3D room 

geometry hypotheses

(e) Final 3D scene understanding(b) Poses (potentially 
aggregated over time)

(c) Estimates of 
functional surfaces

...

Sittable surfaces

Walkable 
surfaces

Sitting

(a) Action and Pose Detections

Fig. 2 Overview of the proposed approach. We propose the use of both appearance and human action cues for estimating
single-view geometry. Given an input image or set of input images taken by a fixed camera, we estimate human poses in each
image (a), yielding a set of human-scene interactions (b), which we aggregate over time (for time-lapses). We use these to
to infer functional surfaces (c) in the scene, such as sittable (red) and walkable (blue). We simultaneously generate room
hypotheses (d) from appearance cues alone. We then select a final room hypothesis and infer the occupied space in the 3D
scene using both appearance and human action cues.

tion has been evaluated on datasets containing exactly
zero people. Given that humans and their activities are
often the primary motivation for documenting scenes
and that human scenes are constructed for humans, this
seems unnatural. This work aims to demonstrate that
humans are not a nuisance, but rather another valuable
source of constraints.

Other work on the interface between humans and
image understanding has mostly focused on modeling
these constraints at a semantic level [11,23,50]. For ex-
ample, drinking and cups are functionally related and
therefore joint recognition of the two should improve
performance. Semantic-level constraints have been also
shown to improve object discovery and recognition [18,
41,50], action recognition [11,12,23,35], and pose esti-
mation [22,54]. Recently Delaitre et al. [10] proposed
the use of poses for semantic segmentation of scenes;
like ours, their work also uses poses as a cue, but it
solves the complementary problem of giving each pixel
in an image a semantic label (e.g., chair), not improving
estimates of 3D scene geometry.

In this paper we specifically focus on modeling re-
lationships at a physical level between humans and 3D
scene geometry. In this domain, most earlier work has
focused on using geometry to infer human-centric infor-
mation [20,25], or the question “what can a human do
with a given 3D model”. For instance, Gupta et al. [25]
argued that functional questions such as “Where can I
sit?” are more important than categorizing objects by

name, and used estimated 3D geometry in images to
infer Gibsonian a↵ordances [19], or “opportunities for
interaction” with the environment. Jiang et al. [31] used
the sizes and poses of humans to infer human-object af-
fordances from 3D scenes containing no humans.

Our work focuses on the inverse of the problem ad-
dressed in [20,25]: we want to observe human actors,
infer their poses and then use the functional constraints
from these poses to improve 3D scene understanding.
Our goal is to harness the recent advances in person de-
tection and pose estimation [1,4,14,32,53], and design a
method to improve single-view indoor geometry estima-
tion. Even though the building blocks of this work, hu-
man pose estimation and 3D image understanding, are
by no means perfect, we show that they can be robustly
combined. We also emphasize our choice of the monoc-
ular case, which sets our work apart from earlier work
on geometric reasoning using human silhouettes [21] in
multi-view setups. In single-view scenarios, the focus
has been on coarse constraints from person tracks [36,
44,46], whereas we focus on fine-grained physical and
functional constraints using human actions and poses.

A preliminary version of this work appeared as [16].
We clarify many technical details omitted in the pre-
vious version, present results on substantially extended
datasets, and o↵er an in-depth analysis of how, why,
and when observing humans can improve understand-
ing of the 3D geometry of scenes.

People Watching: Human Actions as a Cue for Single View Geometry.
D. F. Fouhey, V. Delaitre, A. Gupta, A. Efros, I. Laptev, and J. Sivic. ECCV 2012.



Social Learning
What all can we learn?

Environmental affordances 
(first-person videos)

Learning Navigation Subroutines by Watching Egocentric Videos.  A. Kumar, S. Gupta, J. Malik. CoRL 2019.



Social Learning
What all can we learn?
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Abstract

Learning how to interact with objects is an important

step towards embodied visual intelligence, but existing tech-

niques suffer from heavy supervision or sensing require-

ments. We propose an approach to learn human-object

interaction “hotspots” directly from video. Rather than

treat affordances as a manually supervised semantic seg-

mentation task, our approach learns about interactions by

watching videos of real human behavior and anticipat-

ing afforded actions. Given a novel image or video, our

model infers a spatial hotspot map indicating how an ob-

ject would be manipulated in a potential interaction—even

if the object is currently at rest. Through results with

both first and third person video, we show the value of

grounding affordances in real human-object interactions.

Not only are our weakly supervised hotspots competitive

with strongly supervised affordance methods, but they can

also anticipate object interaction for novel object cate-

gories. Project page: http://vision.cs.utexas.
edu/projects/interaction-hotspots/

1. Introduction
Today’s visual recognition systems know how objects

look, but not how they work. Understanding how objects
function is fundamental to moving beyond passive percep-
tual systems (e.g., those trained for image recognition) to
active, embodied agents that are capable of both perceiving
and interacting with their environment—whether to clear
debris in a search and rescue operation, cook a meal in the
kitchen, or even engage in a social event with people. Gib-
son’s theory of affordances [17] provides a way to reason
about object function. It suggests that objects have “action
possibilities” (e.g., a chair affords sitting, a broom affords
cleaning), and has been studied extensively in computer vi-
sion and robotics in the context of action, scene, and object
understanding [22].

⇤Work done during internship at Facebook AI Research.
†On leave from UT Austin (grauman@cs.utexas.edu).

Watch natural interactions

"Interaction hotspots"

Figure 1: We propose to learn object affordances directly from
videos of people naturally interacting with objects. The resulting
representation of “interaction hotspots” is grounded in real human
behavior from video, rather than manual image annotations.

However, the abstract notion of “what actions are pos-
sible?” is only half the story. For example, for an agent
tasked with sweeping the floor with a broom, knowing that
the broom handle affords holding and the broom affords

sweeping is not enough. The agent also needs to know how

to interact with different objects, including the best way to
grasp the object, the specific points on the object that need
to be manipulated for a successful interaction, how the ob-
ject is used to achieve a goal, and even what it suggests
about how to interact with other objects.

Learning how to interact with objects is challenging.
Traditional methods face two key limitations. First, meth-
ods that consider affordances as properties of an object’s
shape or appearance [37, 18, 24] fall short of modeling ac-
tual object use and manipulation. In particular, learning
to segment specified object parts [38, 49, 37, 39] can cap-
ture annotators’ expectations of what is important, but is
detached from real interactions, which are dynamic, multi-
modal, and may only partially overlap with part regions (see
Figure 1). Secondly, existing methods are limited by their
heavy supervision and/or sensor requirements. They as-
sume access to training images with manually drawn masks
or keypoints [46, 10, 12] and some leverage additional sen-
sors like depth [31, 66, 67] or force gloves [3], all of which
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Figure 5: Interaction hotspots on EPIC videos of unseen object
classes. Our model anticipates spatial interaction regions for inac-
tive objects at rest (first column), even before the interaction hap-
pens. Critically, the object categories shown in this figure have not

been seeing during training; our model learns to generalize inter-
action hotspots. For example, there are no cupboards or squashes
in the training videos, but our method anticipates how these ob-
jects would be opened and cut, respectively.

interactions. Weakly supervised SALIENCY methods high-
light all salient object parts in a single map, regardless of
the interaction in question. In contrast, our model high-
lights multiple distinct affordances for an object. To gen-
erate comparable heatmaps, DEMO2VEC requires annotated
heatmaps for training and a set of video demonstrations dur-
ing inference, whereas our model can hypothesize object
functionality without these extra requirements.

Generalization to Novel Objects. Can interaction hotspots
infer how novel object categories work? We next test
if our model learns an object-agnostic representation for
interaction—one that is not tied to object class. This is a
useful property for open-world situations where unfamiliar
objects may have to be interacted with to achieve a goal.

We divide the object categories O into familiar and un-
familiar object categories O = Of

S
Ou; familiar ones are

those seen with interactions in training video and unfamil-
iar ones are seen only during testing. We leave out 10/31
objects in EPIC and 9/26 objects in OPRA for our experi-
ments, and divide our video train/test sets along these object
splits. We train our model only on clips with the familiar
objects from Of . If our model can successfully infer the
heatmaps for novel, unseen objects, it will show that a gen-
eral sense of object function is learned that is not strongly
tied to object identity.

Table 2 (Right) shows the results. We see mostly similar
trends as the previous section. On OPRA, our model out-

Figure 6: Inactive vs. active object embeddings. By hypothesiz-
ing potential interactions with objects, our model learns represen-
tations that capture functional similarities between objects across
object classes, rather than purely appearance-based similarities.

performs all baselines in all metrics, and is able to infer the
hotspot maps for unfamiliar object categories, despite never
seeing them during training. On EPIC, our method remains
the best weakly supervised method.

Qualitative results (Figure 5) support our numbers,
showing our model applied to video clips from EPIC
Kitchens, just before the action occurs. Our model—
which was never trained on some objects (e.g., cupboard,
squash)—is able to anticipate characteristic spatial loca-
tions of interactions before the interaction occurs.

4.2. Interaction Hotspots for Functional Similarity
Finally, we show how our model encodes functional ob-

ject similarities in its learned representation for objects.
We compare the inactive object embedding space (standard
ResNet features) to our predicted active embedding space
(output of the anticipation model) by looking at nearest
neighbor images in other object classes.

Figure 6 shows examples. Neighbors in the inactive ob-
ject space (top branch) capture typical appearance-based vi-
sual similarities that are useful for object categorization—
shapes, backgrounds, etc. In contrast, our active object
space (bottom branch, yellow box) reorganizes the objects
based on how they are interacted with. For example, fridges,
cupboards, and microwaves, that are swung open in a char-
acteristic way (top right); knives, spatulas, tongs, that are
typically held at their handles (bottom right). Our model
learns representations indicative of functional similarity be-
tween objects, despite the objects being visually distinct.
See Supp. for a clustering visualization on all images.

5. Conclusion
We introduced a method to learn “interaction hotspot”

maps—characteristic regions on objects that anticipate and
explain object interactions—directly from watching videos
of people naturally interacting with objects. Our experi-
ments show that these hotspot maps explain object affor-
dances better than other existing weakly supervised mod-
els and can generalize to anticipate affordances of unseen

Priors for where to interact

Grounded Human-Object Interaction Hotspots from Video 
Tushar Nagarajan, Christoph Feichtenhofer, Kristen Grauman ICCV 2019.



Social Learning
What all can we learn?
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Fig. 2: Method overview. Given a few demonstration videos of the same action, our method discovers intermediate steps, then trains a
classifier for each step on top of the mid and high-level representations of a pre-trained deep model (in this work, we use all activations
starting from the first “mixed” layer that follows the first 5 convolutional layers). The step classifiers are then combined to produce a single
reward function per step prior to learning. These intermediate rewards are combined into a single reward function. The reward function is
then used by a real robot to learn the perform the demonstrated task as shown in Sec. III-B.

discovery of intermediate steps.
• The first vision-based reward learning method that can

learn a complex robotic manipulation task from a few hu-
man demonstrations in real-world robotic experiments.

• A set of empirical experiments that show that the learned
visual representations inside a pre-trained deep model are
general enough to be directly used to represent goals and
sub-goals for manipulation skills in new scenes without
retraining.

A. Related Work

Our method can be viewed as an instance of learning from
demonstration (LfD), which has long been studied as a strategy
to overcome the challenging problem of learning robotic tasks
from scratch [7] (also see [3] for a survey). Previous work
in LfD has successfully replicated gestures [8] and dual-arm
manipulation [4] on real robotic systems. LfD can however

be challenging when the human demonstrator and robot do
not share the same “embodiment”. A mismatch between the
robot’s sensor/actions and the recorded demonstration can lead
to suboptimal behaviour. Previous work has addressed this
issue by either providing additional feedback [32], or alter-
natively providing demonstrations which only give a coarse
solutions which can be iteratively refined [24]. Our method
of using perceptual rewards can be seen as an attempt to
circumvent the need for shared embodiment in the general
problem of learning from humans. To accomplish this, we first
learn a visual reward from human demonstrations, and then
learn how to perform the task using the robot’s own experience
via reinforcement learning.

Our approach can be seen as an instance of the more
general inverse reinforcement learning framework [20]. Inverse
reinforcement learning can be performed with a variety of
algorithms, ranging from margin-based methods [2, 27] to

Unsupervised Perceptual Rewards for Imitation Learning
Pierre Sermanet, Kelvin Xu, Sergey Levine. R:SS 2017



Social Learning
Why is it hard?
• Embodiment gap

• Sensors / actions / capabilities
• Missing action labels
• Only showcase positive data
• Depicted goals may not be known
• More than one way to solve a problem
• Can’t learn things beyond what is shown



Social Learning

• Learning Navigation Subroutines from Egocentric Videos
• Semantic Visual Navigation by Watching YouTube Videos
• Grasping in the wild: Learning 6-DOF closed-loop grasping from low-cost 

demonstrations
• Unsupervised perceptual rewards for imitation learning



Learning Navigation Subroutines from
Egocentric Videos

Ashish Kumar1 Saurabh Gupta3 Jitendra Malik1,2

1UC Berkeley 2Facebook AI Research 3UIUC
ashish kumar@berkeley.edu, saurabhg@illinois.edu, malik@eecs.berkeley.edu

Abstract: Planning at a higher level of abstraction instead of low level torques
improves the sample efficiency in reinforcement learning, and computational effi-
ciency in classical planning. We propose a method to learn such hierarchical ab-
stractions, or subroutines from egocentric video data of experts performing tasks.
We learn a self-supervised inverse model on small amounts of random interac-
tion data to pseudo-label the expert egocentric videos with agent actions. Vi-
suomotor subroutines are acquired from these pseudo-labeled videos by learning
a latent intent-conditioned policy that predicts the inferred pseudo-actions from
the corresponding image observations. We demonstrate our proposed approach
in context of navigation, and show that we can successfully learn consistent and
diverse visuomotor subroutines from passive egocentric videos. We demonstrate
the utility of our acquired visuomotor subroutines by using them as is for ex-
ploration, and as sub-policies in a hierarchical RL framework for reaching point
goals and semantic goals. We also demonstrate behavior of our subroutines in
the real world, by deploying them on a real robotic platform. Project website:
https://ashishkumar1993.github.io/subroutines/.

Keywords: Subroutines, Passive Data, Hierarchical Reinforcement Learning

1 Introduction

Every morning, when you decide to get a cup of coffee from the kitchen, you go down the hallway,
turn left into the corridor and then enter the room on the right. Instead of deciding the exact mus-
cle torques, you reason at this higher level of abstraction by composing these reusable lower level
visuomotor subroutines to reach your goal. These visuomotor subroutines are classically known as
operators in STRIPS planning [1], or more recently as options in RL [2]. Once these subroutines are
learned, they can be composed to solve novel tasks, e.g. exiting the building, finding an object, etc,
enabling an agent to quickly learn new tasks by simply learning how to compose them together.

These subroutines, or short-horizon policies with consistent behavior, can be manually designed as
done in classical robotics or STRIPS, or can be learned through interaction by training a hierarchical
agent through reward-based reinforcement learning. Learning through environment interactions is
extremely slow, making it prohibitively expensive to operationalize in the real world. We propose a
third way of learning these subroutines by using imitation learning on egocentric videos of experts
performing tasks. We expect that these videos contain subroutines that have been appropriately
combined to solve some tasks, and an appropriate clustering algorithm can be used to isolate and
extract these subroutines. For example, in indoor navigation, such clusters could be exiting doors,
walking down hallways; and for driving, they could be following a lane, changing lanes, etc. Once
isolated, these subroutines just need to be fine tuned through reward-based RL for downstream tasks,
which is very sample efficient, as we show in our experiments.

To imitate an expert at a visuomotor task, we need to know both the perceptual input to the expert
and the action taken. One way to do this is by instrumenting the agent to collect the perceptual
input as well as the action executed, as done in autonomous driving [3]. However, this limits the
scalability of the data collection procedure. To scale it up, we could instead learn from videos of
people performing tasks uploaded on websites such as YouTube. Such videos fall in two categories:

3rd Conference on Robot Learning (CoRL 2019), Osaka, Japan.
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Learn Skills that enable a Robot to Move Around in Novel Environments

Robot w/camera In novel environment
Skill: Go around obstacles

Skill: Come out of cubicles Skill: Go down hallwaySkill: Go through door



Existing Work: Learning by Interaction

Learn using rewards

•Hard to define reward functions.
•Learned skills are hard to repurpose.
•All training signal comes from direct interaction with environment.



In Contrast, Learning in Computer Vision:

Big passive data gathered on the Internet



Best of Both Worlds?

+

Expensive Interaction Data Cheap Internet Data



+

Interaction data: Random Interaction Data

Best of Both Worlds?

Cheap Internet Data: First-person 
Videos from Youtube



+

Best of Both Worlds?

Interaction data: Random Interaction in Simulators Cheap Internet Data: First-person 
renderings from Simulators



Use Internet Data to Scale-up Policy Learning

Active Interaction

+

Egocentric Videos

1. Learn Model 
to Interpret 

Videos

2. Use Model to Pseudo-
Label Egocentric Videos 

with Actions

3. Learn Skills via 
Supervised Learning

1. Left
2. Forward
3. Forward
4. Forward
5. Forward
6. Right
7. Right

Learning Navigation Subroutines by Watching Egocentric Videos. CoRL 2019. A. Kumar, S. Gupta, J. Malik



Active Interaction

Learning Navigation Subroutines by Watching Egocentric Videos. CoRL 2019. A. Kumar, S. Gupta, J. Malik



Egocentric Videos









SubR1 - Turns RightSubR3 - Turns Left

Learning Navigation Subroutines by Watching Egocentric Videos. CoRL 2019. A. Kumar, S. Gupta, J. Malik

Learned Skills



SubR3 - Turns Left

Learning Navigation Subroutines by Watching Egocentric Videos. CoRL 2019. A. Kumar, S. Gupta, J. Malik

Learned Skills
SubR3 - Turns Left



B. Eysenbach, A. Gupta, J. Ibarz, and S. Levine. ICL 2019. Diversity is all you need: Learning skills without a reward function.
D. Pathak, P. Agrawal, A. A. Efros, and T. Darrell. ICML 2017. Curiosity-driven exploration by self-supervised prediction.

Using Subroutines and Affordances



Exploration Comparisons



Using Subroutines and Affordances for Hierarchical RL

a

Meta
Controller

Sub
Policies

Every K steps

Goal 
Specification

1. Use Subroutines as sub-policies.

2. Use Affordance Model to initialize meta-
controller and guide meta-controller 
towards feasible sub-policies.



PointGoal Go To (x,y)

AreaGoal - Find Bathroom

Sparse Dense

Using Subroutines and Affordances for Hierarchical RL
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Grasping in the Wild: Learning 6DoF Closed-Loop
Grasping from Low-Cost Demonstrations

Shuran Song1,2 Andy Zeng2 Johnny Lee2 Thomas Funkhouser2

https://graspinwild.cs.columbia.edu

Abstract—Intelligent manipulation benefits from the capacity
to flexibly control an end-effector with high degrees of freedom
(DoF) and dynamically react to the environment. However, due to
the challenges of collecting effective training data and learning
efficiently, most grasping algorithms today are limited to top-
down movements and open-loop execution. In this work, we
propose a new low-cost hardware interface for collecting grasping
demonstrations by people in diverse environments. This data
makes it possible to train a robust end-to-end 6DoF closed-
loop grasping model with reinforcement learning that transfers
to real robots. A key aspect of our grasping model is that it
uses “action-view” based rendering to simulate future states with
respect to different possible actions. By evaluating these states
using a learned value function (e.g., Q-function), our method is
able to better select corresponding actions that maximize total
rewards (i.e., grasping success). Our final grasping system is able
to achieve reliable 6DoF closed-loop grasping of novel objects
across various scene configurations, as well as in dynamic scenes
with moving objects.

Index Terms—Deep Learning in Grasping and Manipulation,
Deep Learning for Visual Perception

I. INTRODUCTION

Versatile manipulation benefits from the capacity to flexibly
control an end-effector in 3D space and dynamically react
to changes in the environment. In the case of grasping, 6
degrees of freedom (6DoF: where the gripper is free to
change in x, y, z position and in roll, pitch, yaw) closed-
loop algorithms enable robots to pick up objects from a wider
range of unstructured settings beyond tabletop scenarios: from
moving in 6DoF to retrieve diagonally positioned plates in a
dishwasher or harvest berries from a bush, to using closed-loop
visual feedback for grasping objects moving along a conveyor
belt or handed off by people. Despite the practical value of
both 6DoF control and closed-loop feedback, most data-driven
grasping algorithms today are only able to achieve one of these
capabilities. Most methods only infer top-down grasps (4Dof:
x, y, z, yaw) in simple tabletop settings [1], [2], [3], [4], or
detect grasps in 6DoF but with open-loop execution [5], [6].

One major obstacle for achieving both 6DoF and closed-
loop grasping is the challenge of acquiring effective training
data. Collecting data on real robots through self-supervised
trial and error is expensive. As the action space approaches
higher dimensions (e.g., 4DoF to 6DoF grasping) and as the
state space reaches higher diversity (e.g., images of static

1 Columbia University shurans@cs.columbia.edu
2 Google andyzeng@google.com, johnnylee@google.com,

tfunkhouser@google.com
Digital Object Identifier (DOI): see top of this page.

Fig. 1. Grasping in the wild. We developed a low-cost handheld device that
enables people to collect grasping demonstrations (top row) while carrying
out everyday tasks in diverse environments. Using these demonstrations as
training data, we show that it is possible to learn flexible 6DoF closed-loop
grasping policies that transfer to real-world robot picking systems (bottom).

scenes to dynamic scenes), the exploration search space grows
exponentially. In this large search space, the chances of stum-
bling on useful grasping trajectories through random search
becomes exponentially slim. While prior work alleviates some
of these issues by training on demonstration data collected
from human teleoperation of robots [7], these approaches
remain limited to a small range of environments that are
physically accessible for those robots.

In this work, we develop a system for collecting grasping
demonstrations in the wild by equipping a handheld grabbing
tool with an RGB-D camera mounted on its “wrist” in the
same way it would be on a real robot arm (Fig. 1). This device
(which in total costs $600) is a low-user-friction tool that
can be used by people to pick up objects while carrying out
everyday tasks real-world environments (e.g., picking up trash,
sorting dishes, etc.). During these tasks, the camera captures
RGB-D gripper-centric videos from which we recover 6DoF
grasping trajectories using classic visual tracking algorithms.
This setup provides grasping demonstration data with substan-
tially higher diversity and lower cost than prior work.

This data makes it possible to bootstrap and train a robust
end-to-end 6DoF closed-loop grasping model with reinforce-
ment learning that transfers to real robot platforms. The system
uses a deep network to model a value function that maps from
a visual observation of the state (i.e., gripper-centric images)
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Abstract—Intelligent manipulation benefits from the capacity
to flexibly control an end-effector with high degrees of freedom
(DoF) and dynamically react to the environment. However, due to
the challenges of collecting effective training data and learning
efficiently, most grasping algorithms today are limited to top-
down movements and open-loop execution. In this work, we
propose a new low-cost hardware interface for collecting grasping
demonstrations by people in diverse environments. This data
makes it possible to train a robust end-to-end 6DoF closed-
loop grasping model with reinforcement learning that transfers
to real robots. A key aspect of our grasping model is that it
uses “action-view” based rendering to simulate future states with
respect to different possible actions. By evaluating these states
using a learned value function (e.g., Q-function), our method is
able to better select corresponding actions that maximize total
rewards (i.e., grasping success). Our final grasping system is able
to achieve reliable 6DoF closed-loop grasping of novel objects
across various scene configurations, as well as in dynamic scenes
with moving objects.

Index Terms—Deep Learning in Grasping and Manipulation,
Deep Learning for Visual Perception

I. INTRODUCTION

Versatile manipulation benefits from the capacity to flexibly
control an end-effector in 3D space and dynamically react
to changes in the environment. In the case of grasping, 6
degrees of freedom (6DoF: where the gripper is free to
change in x, y, z position and in roll, pitch, yaw) closed-
loop algorithms enable robots to pick up objects from a wider
range of unstructured settings beyond tabletop scenarios: from
moving in 6DoF to retrieve diagonally positioned plates in a
dishwasher or harvest berries from a bush, to using closed-loop
visual feedback for grasping objects moving along a conveyor
belt or handed off by people. Despite the practical value of
both 6DoF control and closed-loop feedback, most data-driven
grasping algorithms today are only able to achieve one of these
capabilities. Most methods only infer top-down grasps (4Dof:
x, y, z, yaw) in simple tabletop settings [1], [2], [3], [4], or
detect grasps in 6DoF but with open-loop execution [5], [6].

One major obstacle for achieving both 6DoF and closed-
loop grasping is the challenge of acquiring effective training
data. Collecting data on real robots through self-supervised
trial and error is expensive. As the action space approaches
higher dimensions (e.g., 4DoF to 6DoF grasping) and as the
state space reaches higher diversity (e.g., images of static
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Fig. 1. Grasping in the wild. We developed a low-cost handheld device that
enables people to collect grasping demonstrations (top row) while carrying
out everyday tasks in diverse environments. Using these demonstrations as
training data, we show that it is possible to learn flexible 6DoF closed-loop
grasping policies that transfer to real-world robot picking systems (bottom).

scenes to dynamic scenes), the exploration search space grows
exponentially. In this large search space, the chances of stum-
bling on useful grasping trajectories through random search
becomes exponentially slim. While prior work alleviates some
of these issues by training on demonstration data collected
from human teleoperation of robots [7], these approaches
remain limited to a small range of environments that are
physically accessible for those robots.

In this work, we develop a system for collecting grasping
demonstrations in the wild by equipping a handheld grabbing
tool with an RGB-D camera mounted on its “wrist” in the
same way it would be on a real robot arm (Fig. 1). This device
(which in total costs $600) is a low-user-friction tool that
can be used by people to pick up objects while carrying out
everyday tasks real-world environments (e.g., picking up trash,
sorting dishes, etc.). During these tasks, the camera captures
RGB-D gripper-centric videos from which we recover 6DoF
grasping trajectories using classic visual tracking algorithms.
This setup provides grasping demonstration data with substan-
tially higher diversity and lower cost than prior work.

This data makes it possible to bootstrap and train a robust
end-to-end 6DoF closed-loop grasping model with reinforce-
ment learning that transfers to real robot platforms. The system
uses a deep network to model a value function that maps from
a visual observation of the state (i.e., gripper-centric images)
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Abstract—Intelligent manipulation benefits from the capacity
to flexibly control an end-effector with high degrees of freedom
(DoF) and dynamically react to the environment. However, due to
the challenges of collecting effective training data and learning
efficiently, most grasping algorithms today are limited to top-
down movements and open-loop execution. In this work, we
propose a new low-cost hardware interface for collecting grasping
demonstrations by people in diverse environments. This data
makes it possible to train a robust end-to-end 6DoF closed-
loop grasping model with reinforcement learning that transfers
to real robots. A key aspect of our grasping model is that it
uses “action-view” based rendering to simulate future states with
respect to different possible actions. By evaluating these states
using a learned value function (e.g., Q-function), our method is
able to better select corresponding actions that maximize total
rewards (i.e., grasping success). Our final grasping system is able
to achieve reliable 6DoF closed-loop grasping of novel objects
across various scene configurations, as well as in dynamic scenes
with moving objects.

Index Terms—Deep Learning in Grasping and Manipulation,
Deep Learning for Visual Perception

I. INTRODUCTION

Versatile manipulation benefits from the capacity to flexibly
control an end-effector in 3D space and dynamically react
to changes in the environment. In the case of grasping, 6
degrees of freedom (6DoF: where the gripper is free to
change in x, y, z position and in roll, pitch, yaw) closed-
loop algorithms enable robots to pick up objects from a wider
range of unstructured settings beyond tabletop scenarios: from
moving in 6DoF to retrieve diagonally positioned plates in a
dishwasher or harvest berries from a bush, to using closed-loop
visual feedback for grasping objects moving along a conveyor
belt or handed off by people. Despite the practical value of
both 6DoF control and closed-loop feedback, most data-driven
grasping algorithms today are only able to achieve one of these
capabilities. Most methods only infer top-down grasps (4Dof:
x, y, z, yaw) in simple tabletop settings [1], [2], [3], [4], or
detect grasps in 6DoF but with open-loop execution [5], [6].

One major obstacle for achieving both 6DoF and closed-
loop grasping is the challenge of acquiring effective training
data. Collecting data on real robots through self-supervised
trial and error is expensive. As the action space approaches
higher dimensions (e.g., 4DoF to 6DoF grasping) and as the
state space reaches higher diversity (e.g., images of static
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Fig. 1. Grasping in the wild. We developed a low-cost handheld device that
enables people to collect grasping demonstrations (top row) while carrying
out everyday tasks in diverse environments. Using these demonstrations as
training data, we show that it is possible to learn flexible 6DoF closed-loop
grasping policies that transfer to real-world robot picking systems (bottom).

scenes to dynamic scenes), the exploration search space grows
exponentially. In this large search space, the chances of stum-
bling on useful grasping trajectories through random search
becomes exponentially slim. While prior work alleviates some
of these issues by training on demonstration data collected
from human teleoperation of robots [7], these approaches
remain limited to a small range of environments that are
physically accessible for those robots.

In this work, we develop a system for collecting grasping
demonstrations in the wild by equipping a handheld grabbing
tool with an RGB-D camera mounted on its “wrist” in the
same way it would be on a real robot arm (Fig. 1). This device
(which in total costs $600) is a low-user-friction tool that
can be used by people to pick up objects while carrying out
everyday tasks real-world environments (e.g., picking up trash,
sorting dishes, etc.). During these tasks, the camera captures
RGB-D gripper-centric videos from which we recover 6DoF
grasping trajectories using classic visual tracking algorithms.
This setup provides grasping demonstration data with substan-
tially higher diversity and lower cost than prior work.

This data makes it possible to bootstrap and train a robust
end-to-end 6DoF closed-loop grasping model with reinforce-
ment learning that transfers to real robot platforms. The system
uses a deep network to model a value function that maps from
a visual observation of the state (i.e., gripper-centric images)
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Fig. 2. Hardware setup. Our low-cost handheld device (left) consists of a plastic grabber tool equipped with an RGB-D camera and a servo that controls the
binary opening of the grabber fingers. This device was designed to be analogous to the real robot’s end effector setup (right), while providing a low-user-friction
interface that enables untrained people to collect grasping data in almost any environment.

process for gathering human grasping demonstrations from a
diverse set of tasks and environments (i.e., in-the-wild). Sec. V
describes our 6DoF closed-loop grasping model and how it is
trained with this data.

IV. GRASPING DEMONSTRATIONS IN-THE-WILD

To collect grasping data from human demonstrations, we
built a low-cost portable handheld grabber tool equipped with
a wrist-mounted RGB-D camera (illustrated in Fig. 2). We then
asked willing participants to use the tool in place of their hands
for everyday pick-and-place tasks, e.g., picking items from
shelves, bins, refrigerators, sorting dishes in a dishwasher, or
picking trash on the floor, etc. Our data collection system is
driven by 3 key motivations:
· Accessibility for diversity. Our handheld tool is a low-

user-friction interface that allows untrained people to
collect manipulation data in almost any environment
(e.g., various homes, offices, warehouses, grocery stores),
many of which would otherwise be difficult for robots to
acquire physical access to. This substantially improves
the diversity of the data that we can acquire.

· Data for challenging tasks. For challenging manipula-
tion tasks like searching for dishes in a dishwasher, data
collection through robot trial and error can be expensive
– robot failures may lead to negative irreversible con-
sequences (e.g., broken dishes). In contrast, our setup
enables skilled humans to easily collect manipulation data
for these tasks with negligible failure rates.

· Minimized domain gap. Our gripper tool is designed to
be as similar as possible to a real robot’s end effector:
binary actuated parallel-jaw fingers with a wrist-mounted
RGB-D camera. This similarity narrows the domain gap
between the data collected from human demonstrations
and the data that the robot encounters.

A. Hardware Setup
Our handheld data collection device (Fig. 2) consists of:

1) a Royal Medical Solutions (RMS) plastic grabber reacher
tool forearm, 2) a Dynamixel servo that twists the grabber’s
internal cable to control the opening of the fingers, 3) a 3D
printed grip that attaches to the back end of the grabber, 4)
a binary push button on the grip that connects to an Arduino

to trigger the Dynamixel servo, 5) an Intel RealSense D415
camera mounted 25cm from the gripper fingertips, streaming
640⇥480 RGB-D images to 6) an Intel compute stick running
Linux OS with data capturing software, 7) a portable 12V
battery to power the tool for 5 hours on a single charge, and
8) an optional touch screen monitor. All components are either
purchased off-the-shelf or 3D printed with PLA. The cost of
the entire unit sums to around $600.

We designed the handheld gripper to be analogous to the
end effector of the real robot setup (shown in Fig. 2 Right),
which consists of a 6DoF UR5 robot arm with an binary RG2
gripper, and an wrist-mounted Intel RealSense D415 camera.
The handheld gripper uses binary control (triggered by the
push button) to mimic the RG2’s binary open/close behavior.

B. Data Collection and Processing

We distributed data collection among 8 participants, who
were tasked with collecting grasping data while performing
various pick-and-place tasks (e.g., picking from shelves, pick-
ing from bins, rearranging objects, picking up trash, etc.)
in different environments (e.g., apartments, kitchens, offices,
warehouses). The varying tasks and environments naturally
encourage human demonstrators to perform different grasping
strategies, which subsequently lead to more diverse demonstra-
tion data. Our dataset in total contains 12 hours of recorded
gripper-centric RGB-D videos, labeled with the binary signal
of when the user pushed the button to close the gripper.

To recover 6DoF grasping trajectories from the RGB-D
videos of demonstrations, we use classic frame-to-frame visual
tracking [29] to estimate the camera pose and trajectory over
time. Since the camera is fixed on the gripper and the rigid
transform between the camera and gripper is calibrated and
known beforehand, this tracking process also enables us to
recover the gripper pose and trajectory over time. Specifically,
to estimate the relative pose transform between two RGB-D
frames, we detect SIFT keypoints [30] on both frames and use
random sample consensus (RANSAC) on correspondences,
with singular value decomposition (SVD) to compute a rigid
transform. We then refine that estimate by using iterative
closest point (ICP) [31] on the 3D point clouds projected
from the frames. This algorithm makes the assumption that
the environment is static – hence to reduce noisy estimates,
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TABLE II
TESTING ON DIFFERENT SCENE CONFIGURATIONS (MEAN %).

Tabletop Bin Wall Random

pretrain only 76 66 78 62
+finetune 92 82 89 76

Grasping in various static settings. We first investigate
our algorithm’s grasping performance across various static
environment settings and scene configurations:
· Tabletop. Robot grasps from a pile of objects randomly

dumped on a flat tabletop.
· Bin. Robot grasps from a pile of objects randomly

dumped into a bin. This is more challenging than the
Tabletop setting as it requires the grasping algorithm to
avoid collisions with the bin while grasping.

· Wall. Robot grasps from object hung on a flat wall 1m
in front of the robot.

· Random. Robot grasps from a pile of objects randomly
dumped into a bin that is randomly positioned in the
workspace with a random height (0-15cm to tabletop)
and random tilt angle (0-30� to tabletop).

For each configuration, we run a total of 10 test runs, where
each run consists of 10 (Wall) or 20 (others) grasping episodes.
Objects are replaced in the scene after each test run. Each
grasping episode begins with the robot’s initial gripper posi-
tioned in a pose such that all target objects are visible to the
wrist mounted camera.

Since the algorithm formulation predicts only relative 6DoF
position, it works out-of-the-box with any initial starting
position. Row [pretrain only] in Tab. II shows the same model
trained with only human demonstration data without any fine-
tuning on the real robot. We can see that this model is able to
perform reasonably well out-of-the-box across different scene
configurations, due to the diversity of the demonstrations.
Fine-tuning under each specific setting further improves the
performance around 18% on average ([+finetune] in Tab. II).
Grasping in dynamic settings. We also test our algorithm’s
grasping performance in dynamic settings using the same
experimental setup as Morrison et al. [18]. During each test
run, we arrange a pile of 10 objects (Fig. 5) on a movable sheet
on a tabletop. The robot attempts multiple grasps – any objects
that are grasped are removed. During each grasping attempt
(i.e., episode), the pile is moved once by hand randomly (using

Fig. 5. The testing objects (left) used to reproduce the dynamic grasping in
clutter experiments of [17], [18] (right).

Fig. 6. In dynamic scene experiments, the entire pile of objects is randomly
shifted around while the gripper approaches an object.

the movable sheet). The movements have translations > 0.1m
and rotations > 25� (Fig. 6). This continues until all objects in
the pile are grasped, or at least three consecutive grasps fail.
We execute 10 test runs and average the grasping performance
across the runs. Tab. III column [Dynamic] reports these
results and their comparisons to alternative approaches in the
same dynamic setting. These results show that our algorithm
is able to achieve higher grasping success rates compared to
alternative approaches for both static and dynamic settings.

TABLE III
COMPARISON TO STATE-OF-THE-ART METHODS (MEAN %).

Method and Setup Static Scenes Dynamic Scenes Time

GG-CNN [18] 87 ± 7 81 ± 8 19ms
Viereck et al. [17] 89 77 0.2s
Zeng et al. [2] 90 ± 6 - -
Ours 92±5 88 ± 8 0.18s

Effect of pretaining with demonstration data. To evaluate
the benefits of pretraining on human demonstration data,
we compare the our algorithm’s performance with a model
directly trained from on-robot self-supervised trial and error
(described in Sec. V). Fig. 7 plots grasping success vs.
training iterations, where each iteration happens every five
grasping episodes. The diverse training data collected from
human demonstrations not only helps the algorithm learn
faster (higher performance in the early training stage), but
also helps the algorithm learn better (higher performance after
fine-tuning). This experiment shows that human demonstra-
tion data is more effective than trial and error data since
the demonstration data contains significantly more diverse
grasping examples than the trial and error data collected on
the robot. This diversity is important for pretraining grasping
policies that can generalize to different grasping scenarios.

VII. CONCLUSIONS AND FUTURE WORK

We introduce a new low-cost hardware interface for col-
lecting grasping demonstrations in diverse environments, and
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Fig. 2. Hardware setup. Our low-cost handheld device (left) consists of a plastic grabber tool equipped with an RGB-D camera and a servo that controls the
binary opening of the grabber fingers. This device was designed to be analogous to the real robot’s end effector setup (right), while providing a low-user-friction
interface that enables untrained people to collect grasping data in almost any environment.

process for gathering human grasping demonstrations from a
diverse set of tasks and environments (i.e., in-the-wild). Sec. V
describes our 6DoF closed-loop grasping model and how it is
trained with this data.

IV. GRASPING DEMONSTRATIONS IN-THE-WILD

To collect grasping data from human demonstrations, we
built a low-cost portable handheld grabber tool equipped with
a wrist-mounted RGB-D camera (illustrated in Fig. 2). We then
asked willing participants to use the tool in place of their hands
for everyday pick-and-place tasks, e.g., picking items from
shelves, bins, refrigerators, sorting dishes in a dishwasher, or
picking trash on the floor, etc. Our data collection system is
driven by 3 key motivations:
· Accessibility for diversity. Our handheld tool is a low-

user-friction interface that allows untrained people to
collect manipulation data in almost any environment
(e.g., various homes, offices, warehouses, grocery stores),
many of which would otherwise be difficult for robots to
acquire physical access to. This substantially improves
the diversity of the data that we can acquire.

· Data for challenging tasks. For challenging manipula-
tion tasks like searching for dishes in a dishwasher, data
collection through robot trial and error can be expensive
– robot failures may lead to negative irreversible con-
sequences (e.g., broken dishes). In contrast, our setup
enables skilled humans to easily collect manipulation data
for these tasks with negligible failure rates.

· Minimized domain gap. Our gripper tool is designed to
be as similar as possible to a real robot’s end effector:
binary actuated parallel-jaw fingers with a wrist-mounted
RGB-D camera. This similarity narrows the domain gap
between the data collected from human demonstrations
and the data that the robot encounters.

A. Hardware Setup
Our handheld data collection device (Fig. 2) consists of:

1) a Royal Medical Solutions (RMS) plastic grabber reacher
tool forearm, 2) a Dynamixel servo that twists the grabber’s
internal cable to control the opening of the fingers, 3) a 3D
printed grip that attaches to the back end of the grabber, 4)
a binary push button on the grip that connects to an Arduino

to trigger the Dynamixel servo, 5) an Intel RealSense D415
camera mounted 25cm from the gripper fingertips, streaming
640⇥480 RGB-D images to 6) an Intel compute stick running
Linux OS with data capturing software, 7) a portable 12V
battery to power the tool for 5 hours on a single charge, and
8) an optional touch screen monitor. All components are either
purchased off-the-shelf or 3D printed with PLA. The cost of
the entire unit sums to around $600.

We designed the handheld gripper to be analogous to the
end effector of the real robot setup (shown in Fig. 2 Right),
which consists of a 6DoF UR5 robot arm with an binary RG2
gripper, and an wrist-mounted Intel RealSense D415 camera.
The handheld gripper uses binary control (triggered by the
push button) to mimic the RG2’s binary open/close behavior.

B. Data Collection and Processing

We distributed data collection among 8 participants, who
were tasked with collecting grasping data while performing
various pick-and-place tasks (e.g., picking from shelves, pick-
ing from bins, rearranging objects, picking up trash, etc.)
in different environments (e.g., apartments, kitchens, offices,
warehouses). The varying tasks and environments naturally
encourage human demonstrators to perform different grasping
strategies, which subsequently lead to more diverse demonstra-
tion data. Our dataset in total contains 12 hours of recorded
gripper-centric RGB-D videos, labeled with the binary signal
of when the user pushed the button to close the gripper.

To recover 6DoF grasping trajectories from the RGB-D
videos of demonstrations, we use classic frame-to-frame visual
tracking [29] to estimate the camera pose and trajectory over
time. Since the camera is fixed on the gripper and the rigid
transform between the camera and gripper is calibrated and
known beforehand, this tracking process also enables us to
recover the gripper pose and trajectory over time. Specifically,
to estimate the relative pose transform between two RGB-D
frames, we detect SIFT keypoints [30] on both frames and use
random sample consensus (RANSAC) on correspondences,
with singular value decomposition (SVD) to compute a rigid
transform. We then refine that estimate by using iterative
closest point (ICP) [31] on the 3D point clouds projected
from the frames. This algorithm makes the assumption that
the environment is static – hence to reduce noisy estimates,
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Fig. 3. Diverse demonstrations. As the handheld device approaches a target object (e.g., blue cup), RGB-D video frames (first row) are used to recover the
6DoF motion trajectory and reconstruct a 3D representation of the scene (top right). Grasping trajectories for the same object (e.g., blue cup, second row) can
vary depending on the object’s pose in the scene, the environment, or the device user. Overall, our grasping dataset contains grasping demonstrations with a
diverse set of objects, tasks, and environments (examples, bottom two rows).

we mask out the pixels that belong to the gripper and grasped
objects.

Additionally, we split the RGB-D videos into short clips
that correspond to each picking attempt by using a set of
heuristics on the binary gripper closing signal. The frames
that occur before a button push (to close handheld gripper
fingers) record the pre-grasp trajectory, while the frames that
occur between the button push and the following button release
record the post-grasp trajectory. We can also recover and
track the pixel mask of the target object by using background
subtraction to detect pixel regions in the images that are
stationary throughout the frames captured between button push
and release.

In summary, we extract the following information from each
RGB-D video segment corresponding to each picking attempt:
1) pre-grasp gripper trajectory, 2) final gripper grasping pose,
3) target object pixel mask, 4) post-grasp (placing) gripper
trajectory, 5) and picking order. In total, the dataset contains
7,797 valid picking attempts and grasping trajectories. Fig. 3
illustrates several example demonstrations in the dataset and
the grasping trajectories.

V. 6DOF CLOSED-LOOP VISION-BASED GRASPING

The task of closed-loop grasping requires an action policy
that enables the robot to move its gripper towards an object,
approach it from an angle that is likely to lead to a stable
grasp. This pre-grasp approaching process is a time-varying
sequence of actions, for which rewards are loosely defined,
and has previously been shown to be more effectively learned
through reinforcement than from direct supervision [3], [19].

We formulate this vision-based grasping problem as a
Markov decision process: given state st at time t, the robot
chooses and executes an action at according to a policy p(st),
then transitions to a new state st+1 and receives a reward rt .
The goal of reinforcement learning is to find an optimal policy
p⇤ that selects actions which maximize the total expected
rewards Q(st ,at) = Â•

i=t l i�t ri, i.e., l -discounted sum over
an infinite-horizon of future returns from time t to •. In

this work, we use off-policy Q-learning to learn the optimal
parameterized Q-function Qq (st ,at) (i.e., state-action value
function), where q might denote weights of a neural network.
Formally, our learning objective is to iteratively minimize the
temporal difference error dt between Qq (st ,at) and a target
value yt :

dt = |Qq (st ,at)� yt | (1)

yt = rt +l Qq (st+1,argmax
at+1

(Qq (st+1,At+1))) (2)

where At is the set of all available actions at time t.
Within our formulation, we represent each state st as a

image observation from the wrist-mounted camera. We param-
eterize each action at as a 6DoF rigid transform that encodes
the relative rotation and translation from the current robot
end effector pose to the next target pose. Motion planning
between end effector poses is autonomously executed on the
real robot using standard proportional-derivative (PD) control
with inverse kinematics (IK) solvers. The algorithm outputs
a gripper closing signal by using depth observations from
the camera to measure proximity to objects. The algorithm
checks the local region of depth values between fingertips,
and issues a close command if the nearest 1% of depth in this
area is smaller than a dmathrmclose = depth of fingertips -
0.015m. After the gripper attempts to close, the system lifts
the gripper up 0.1m and checks the finger width to determine
grasp success. Each grasping trajectory begins with the end
effector initially positioned 50cm away overlooking the scene
of objects, and terminates after 40 state transitions or after a
successful grasp. Rewards are provided rt = 1 for successful
grasps and rt = 0 otherwise.

A. View-based Rendering as Predictive Models
The key aspect of our formulation is that at each time step

t, we use view-based rendering to forward-simulate the set of
possible future states Ŝt+1 conditioned on the current state st
and action taken at 2At . In other words, view-based rendering
is used as a predictive model f (st ,at) = ŝt+1 2 Ŝt+1 where

Collected Data
8000 Trajectories, 12 hours of data
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•
• Action space?
• (state, next state) value function (obtained via Q-learning)
• Generate action views to generate next state (via TSDF fusion + render)
• Convolutional Q-functions 

• Q-learning
• Bootstrap using demonstrations
• Positive data only: synthesize negative trajectories
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Fig. 4. Action-view based grasping overview. From left to right, the images show: 1) current camera observation, 2) 3D scene representation from TSDF
fusion 3) generated action-view pairs using view-based rendering, and 4) action-view selection network that predicts dense Q-values for each action-view pair.
The action-view rendering step allows the algorithm to forward-simulate the set of possible future states conditioned on the current state and action. This
formulation improves learning efficiency by removing the need to learn to interpret how an action should correspond to changes in the state space.

ŝt+1 approximates st+1. Since states St are represent by wrist-
mounted camera views, and possible actions At represent rela-
tive 6DoF rigid transforms of the end effector from its current
pose, forward-simulating future states f (st ,at) = ŝt+1 amounts
to rendering a new camera view as if the end effector had
moved according to at . The views are rendered with a smaller
resolution (45⇥80) to speed up both rendering and inference
time. We train our Q-functionfrom human demonstration data
and fine-tune with real world trial and error (Sec. V-B). During
test time, at any given state st , our system evaluates state-
action pairs using trained Q-function Qq ( f (st ,At),At), and
executes the action that maximizes the predicted Q-values i.e.,
argmaxat (Qq ( f (st ,At),At)).

This action-view representation is inspired by prior work,
which use predictive models to improve the sample efficiency
of reinforcement learning algorithms [32], [33]. In this work
we show that view-based rendering with 3D reconstructions
can serve as a strong proxy for predictive models in ego-centric
visual grasping. In contrast to abstract action representations
such as end effector Cartesian offsets or joint angles, where
the mapping between the action space and state space needs
to be explicitly learned (or in many cases, memorized) by
the network, our action representation representation improves
learning efficiency by directly representing each action (e.g.,
gripper movement) with its corresponding future state.

The grasping algorithm consists of three components: 1) a
3D reconstruction pipeline that accumulates camera observa-
tions over time to generate 3D representation of the scene,
2) a method for quickly rendering 3D scenes from arbitrary
viewpoints, and 3) a deep neural network that models the value
function Qq . The following paragraphs describe the details of
these components:
Aggregating visual observations. As the end effector ap-
proaches a target object, the wrist-mounted camera continually
gathers new RGB-D images of the scene. Due to object
occlusions and clutter, each observation is partial, hence the
system requires an algorithm that can aggregate these partial
observations into a complete 3D scene representation. Mean-
while, the representation should continually update itself with
new observations to handle dynamic environments.

To this end, we use the Truncated Signed Distance Function
(TSDF) representation for fusing observations into a 3D voxel
grid, where each voxel stores a value that represents its

distance to the closest surface. The sign of that value indicates
whether the voxel is in free space or occluded space [34], [35],
[36]. Our implementation stores the color of surface as well, to
support ray casting for downstream view-based rendering. At
the beginning of each grasping attempt (episode), our system
initializes a 3D voxel grid in robot coordinates, with voxel
size set to 5mm. Given each new observation (i.e., 360⇥640
RGB-D image) and camera extrinsics, the system transforms
the observed surface from camera coordinates into TSDF voxel
grid coordinates, and updates the TSDF values for all observed
voxels respectively using an exponential moving average with
a = 0.8 that biases towards new observations. The camera
extrinsics are obtained by using robot end effector poses and a
calibrated transformation between the camera and end-effector.
Our UR5 robot arm features industrial-grade sub-millimeter
repeatability, which enables accurate end effector poses to
provide high quality reconstructions. The region that is not
directly observed by the camera (missing depth, occluded, or
outside camera FoV) will remain unchanged.

In this way, the algorithm is not only able to build a more
complete 3D representation of a static scene by aggregating
past observations, but is also update the representation for
dynamic environments with new observations. Compared to
other methods of aggregating past observations such as using
recurrent neural networks or LSTMs [37], our TSDF fusion
explicitly leverages accurate industrial-grade robot motion in
order to reduce the burden of learning view point registration
or 3D reconstruction inside the network.
Generating action-views. At each time step t, our formulation
chooses between a set of n (n = 35 in our experiments)
possible action candidates ai

t(f ,t) 2 At each action encodes
the relative rotation f and translation t between the current
end effector pose and the next target pose. The 35 candi-
date actions are heuristically generated using combinatorial
transforms with 5 translations x = +/-d, y=+/-d, z=d, and
7 rotations Rx = ±a, Ry = ±a, Rz = a, and R = 0, where
d = 0.015 + ratio ⇤ 0.035, a = 10 + ratio ⇤ 20, and ratio =
max{0,min{1,MED(D)�0.1)/0.4}} and MED(D) is median
depth value from the camera. All actions have a small z-offset
of 0.01m to encourage the gripper to move forward. Actions
that cause self-collision or move outside the workspace are
automatically removed.

By ray-casting the TSDF of the scene, we render virtual
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Grasping in various static settings. We first investigate
our algorithm’s grasping performance across various static
environment settings and scene configurations:
· Tabletop. Robot grasps from a pile of objects randomly

dumped on a flat tabletop.
· Bin. Robot grasps from a pile of objects randomly

dumped into a bin. This is more challenging than the
Tabletop setting as it requires the grasping algorithm to
avoid collisions with the bin while grasping.

· Wall. Robot grasps from object hung on a flat wall 1m
in front of the robot.

· Random. Robot grasps from a pile of objects randomly
dumped into a bin that is randomly positioned in the
workspace with a random height (0-15cm to tabletop)
and random tilt angle (0-30� to tabletop).

For each configuration, we run a total of 10 test runs, where
each run consists of 10 (Wall) or 20 (others) grasping episodes.
Objects are replaced in the scene after each test run. Each
grasping episode begins with the robot’s initial gripper posi-
tioned in a pose such that all target objects are visible to the
wrist mounted camera.

Since the algorithm formulation predicts only relative 6DoF
position, it works out-of-the-box with any initial starting
position. Row [pretrain only] in Tab. II shows the same model
trained with only human demonstration data without any fine-
tuning on the real robot. We can see that this model is able to
perform reasonably well out-of-the-box across different scene
configurations, due to the diversity of the demonstrations.
Fine-tuning under each specific setting further improves the
performance around 18% on average ([+finetune] in Tab. II).
Grasping in dynamic settings. We also test our algorithm’s
grasping performance in dynamic settings using the same
experimental setup as Morrison et al. [18]. During each test
run, we arrange a pile of 10 objects (Fig. 5) on a movable sheet
on a tabletop. The robot attempts multiple grasps – any objects
that are grasped are removed. During each grasping attempt
(i.e., episode), the pile is moved once by hand randomly (using

Fig. 5. The testing objects (left) used to reproduce the dynamic grasping in
clutter experiments of [17], [18] (right).

Fig. 6. In dynamic scene experiments, the entire pile of objects is randomly
shifted around while the gripper approaches an object.

the movable sheet). The movements have translations > 0.1m
and rotations > 25� (Fig. 6). This continues until all objects in
the pile are grasped, or at least three consecutive grasps fail.
We execute 10 test runs and average the grasping performance
across the runs. Tab. III column [Dynamic] reports these
results and their comparisons to alternative approaches in the
same dynamic setting. These results show that our algorithm
is able to achieve higher grasping success rates compared to
alternative approaches for both static and dynamic settings.

TABLE III
COMPARISON TO STATE-OF-THE-ART METHODS (MEAN %).

Method and Setup Static Scenes Dynamic Scenes Time

GG-CNN [18] 87 ± 7 81 ± 8 19ms
Viereck et al. [17] 89 77 0.2s
Zeng et al. [2] 90 ± 6 - -
Ours 92±5 88 ± 8 0.18s

Effect of pretaining with demonstration data. To evaluate
the benefits of pretraining on human demonstration data,
we compare the our algorithm’s performance with a model
directly trained from on-robot self-supervised trial and error
(described in Sec. V). Fig. 7 plots grasping success vs.
training iterations, where each iteration happens every five
grasping episodes. The diverse training data collected from
human demonstrations not only helps the algorithm learn
faster (higher performance in the early training stage), but
also helps the algorithm learn better (higher performance after
fine-tuning). This experiment shows that human demonstra-
tion data is more effective than trial and error data since
the demonstration data contains significantly more diverse
grasping examples than the trial and error data collected on
the robot. This diversity is important for pretraining grasping
policies that can generalize to different grasping scenarios.

VII. CONCLUSIONS AND FUTURE WORK

We introduce a new low-cost hardware interface for col-
lecting grasping demonstrations in diverse environments, and
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and rotations > 25� (Fig. 6). This continues until all objects in
the pile are grasped, or at least three consecutive grasps fail.
We execute 10 test runs and average the grasping performance
across the runs. Tab. III column [Dynamic] reports these
results and their comparisons to alternative approaches in the
same dynamic setting. These results show that our algorithm
is able to achieve higher grasping success rates compared to
alternative approaches for both static and dynamic settings.
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Effect of pretaining with demonstration data. To evaluate
the benefits of pretraining on human demonstration data,
we compare the our algorithm’s performance with a model
directly trained from on-robot self-supervised trial and error
(described in Sec. V). Fig. 7 plots grasping success vs.
training iterations, where each iteration happens every five
grasping episodes. The diverse training data collected from
human demonstrations not only helps the algorithm learn
faster (higher performance in the early training stage), but
also helps the algorithm learn better (higher performance after
fine-tuning). This experiment shows that human demonstra-
tion data is more effective than trial and error data since
the demonstration data contains significantly more diverse
grasping examples than the trial and error data collected on
the robot. This diversity is important for pretraining grasping
policies that can generalize to different grasping scenarios.
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We introduce a new low-cost hardware interface for col-
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and rotations > 25� (Fig. 6). This continues until all objects in
the pile are grasped, or at least three consecutive grasps fail.
We execute 10 test runs and average the grasping performance
across the runs. Tab. III column [Dynamic] reports these
results and their comparisons to alternative approaches in the
same dynamic setting. These results show that our algorithm
is able to achieve higher grasping success rates compared to
alternative approaches for both static and dynamic settings.
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the benefits of pretraining on human demonstration data,
we compare the our algorithm’s performance with a model
directly trained from on-robot self-supervised trial and error
(described in Sec. V). Fig. 7 plots grasping success vs.
training iterations, where each iteration happens every five
grasping episodes. The diverse training data collected from
human demonstrations not only helps the algorithm learn
faster (higher performance in the early training stage), but
also helps the algorithm learn better (higher performance after
fine-tuning). This experiment shows that human demonstra-
tion data is more effective than trial and error data since
the demonstration data contains significantly more diverse
grasping examples than the trial and error data collected on
the robot. This diversity is important for pretraining grasping
policies that can generalize to different grasping scenarios.
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We introduce a new low-cost hardware interface for col-
lecting grasping demonstrations in diverse environments, and
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Fig. 7. Grasping performance of our algorithm with and without pretaining
on the demonstration data in the “Tabletop” setting.

a visual 6DoF closed-loop grasping algorithm that uses action-
view based rendering. Our experiments demonstrate that train-
ing on the demonstration data improves both grasping perfor-
mance and learning efficiency, and the capacity to move in
6DoF and adaptive closed-loop control enabled the algorithm
to handle a variety of environments.

Our system is not without limitations. Our approach uses
simple view-based rendering as a forward predictive model.
While this approach can model possible motions and passive
observations, it does not model the contact physics, which
may be important during in-contact manipulation. It would be
interesting to extend our predictive model with a learnable
function that considers object and contact physics [33]. More
broadly, view-based rendering may also be applicable for other
tasks with ego-centric visual states and action spaces – inves-
tigating its benefits for other applications (e.g., navigation)
would be interesting future work. It would also be interesting
to investigate how to make use of the other information
captured in the demonstration (e.g., placing trajectories) for
other applications (e.g., placing [39]).
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Abstract—Reward function design and exploration time are
arguably the biggest obstacles to the deployment of reinforcement
learning (RL) agents in the real world. In many real-world tasks,
designing a reward function takes considerable hand engineering
and often requires additional and potentially visible sensors to
be installed just to measure whether the task has been executed
successfully. Furthermore, many interesting tasks consist of
multiple implicit intermediate steps that must be executed in
sequence. Even when the final outcome can be measured, it does
not necessarily provide feedback on these intermediate steps or
sub-goals. To address these issues, we propose leveraging the
abstraction power of intermediate visual representations learned
by deep models to quickly infer perceptual reward functions from
small numbers of demonstrations. We present a method that is
able to identify key intermediate steps of a task from only a
handful of demonstration sequences, and automatically identify
the most discriminative features for identifying these steps. This
method makes use of the features in a pre-trained deep model,
but does not require any explicit specification of sub-goals. The
resulting reward functions, which are dense and smooth, can then
be used by an RL agent to learn to perform the task in real-world
settings. To evaluate the learned reward functions, we present
qualitative results on two real-world tasks and a quantitative
evaluation against a human-designed reward function. We also
demonstrate that our method can be used to learn a complex
real-world door opening skill using a real robot, even when the
demonstration used for reward learning is provided by a human
using their own hand. To our knowledge, these are the first results
showing that complex robotic manipulation skills can be learned
directly and without supervised labels from a video of a human
performing the task. Supplementary material and dataset are
available at sermanet.github.io/rewards

I. INTRODUCTION

Social learning, such as imitation, plays a critical role in
allowing humans and animals to acquire complex skills in the
real world. Humans can use this weak form of supervision to
acquire behaviors from very small numbers of demonstrations,
in sharp contrast to deep reinforcement learning (RL) meth-
ods, which typically require extensive training data. In this
work, we make use of two ideas to develop a scalable and
efficient imitation learning method: first, imitation makes use
of extensive prior knowledge to quickly glean the “gist” of a
new task from even a small number of demonstrations; second,
imitation involves both observation and trial-and-error learning
(RL). Building on these ideas, we propose a reward learning
method for understanding the intent of a user demonstration
through the use of pre-trained visual features, which provide

⇤ equal contribution
† Google Brain Residency program (g.co/brainresidency)

Fig. 1: Perceptual reward functions learned from unsupervised
observation of human demonstrations. For each video strip, we
show its corresponding learned reward function below with the range
[0, 4] on the vertical axis, where 4 corresponds to the maximum
reward for completing the demonstrated task. We show rewards
learned from human demonstrations for a pouring task (top) and
door opening task (middle) and use the door opening reward to
successfully train a robot to perform the task (bottom).

the “prior knowledge” for efficient imitation. Our algorithm
aims to discover not only the high-level goal of a task, but
also the implicit sub-goals and steps that comprise more
complex behaviors. Extracting such sub-goals can allow the
agent to make maximal use of information contained in a
demonstration. Once the reward function has been extracted,
the agent can use its own experience at the task to determine
the physical structure of the behavior, even when the reward is
provided by an agent with a substantially different embodiment
(e.g. a human providing a demonstration for a robot).

To our knowledge, our method is the first reward learning
technique that learns generalizable vision-based reward func-
tions for complex robotic manipulation skills from only a few
demonstrations provided directly by a human. Although prior
methods have demonstrated reward learning with vision for
real-world robotic tasks, they have either required kinesthetic
demonstrations with robot state for reward learning [12],
or else required low-dimensional state spaces and numerous
demonstrations [33]. The contributions of this paper are:

• A method for perceptual reward learning from only a few
demonstrations of real-world tasks. Reward functions
are dense and incremental, with automated unsupervised
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Fig. 2: Method overview. Given a few demonstration videos of the same action, our method discovers intermediate steps, then trains a
classifier for each step on top of the mid and high-level representations of a pre-trained deep model (in this work, we use all activations
starting from the first “mixed” layer that follows the first 5 convolutional layers). The step classifiers are then combined to produce a single
reward function per step prior to learning. These intermediate rewards are combined into a single reward function. The reward function is
then used by a real robot to learn the perform the demonstrated task as shown in Sec. III-B.

discovery of intermediate steps.
• The first vision-based reward learning method that can

learn a complex robotic manipulation task from a few hu-
man demonstrations in real-world robotic experiments.

• A set of empirical experiments that show that the learned
visual representations inside a pre-trained deep model are
general enough to be directly used to represent goals and
sub-goals for manipulation skills in new scenes without
retraining.

A. Related Work

Our method can be viewed as an instance of learning from
demonstration (LfD), which has long been studied as a strategy
to overcome the challenging problem of learning robotic tasks
from scratch [7] (also see [3] for a survey). Previous work
in LfD has successfully replicated gestures [8] and dual-arm
manipulation [4] on real robotic systems. LfD can however

be challenging when the human demonstrator and robot do
not share the same “embodiment”. A mismatch between the
robot’s sensor/actions and the recorded demonstration can lead
to suboptimal behaviour. Previous work has addressed this
issue by either providing additional feedback [32], or alter-
natively providing demonstrations which only give a coarse
solutions which can be iteratively refined [24]. Our method
of using perceptual rewards can be seen as an attempt to
circumvent the need for shared embodiment in the general
problem of learning from humans. To accomplish this, we first
learn a visual reward from human demonstrations, and then
learn how to perform the task using the robot’s own experience
via reinforcement learning.

Our approach can be seen as an instance of the more
general inverse reinforcement learning framework [20]. Inverse
reinforcement learning can be performed with a variety of
algorithms, ranging from margin-based methods [2, 27] to



• Unsupervised discovery of steps:
• find segments such that variance of features within is minimized

• Learn step classifiers (linear classifiers to classify discovered steps)

• Use step classifiers as reward functions: 

• Use reward functions to train policy using  RL algorithm
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Fig. 5: Examples of ”pouring” reward functions. We show here a few successful examples, see Fig. 12 for results on the entire test set.
In Fig. 5a we observe a continuous and incremental reward as the task progresses and saturating as it is completed. Fig. 5b increases as
the bottle appears but successfully detects that the task is not completed, while in Fig. 5c it successfully detects that the action is already
completed from the start.

classification accuracy is verified and an important piece of
information for drastically reducing the search space for future
work in unsupervised steps discovery. Additionally, we show
in Fig. 3 that the feature selection approach works well when
the number of features n is in the region [32, 64] but collapses
to 0% accuracy when n > 8192.

B. Real-World Robotic Door Opening
In this section, we aim to answer the question of whether

our previously visualized reward function can be used to learn
a real-world robotic motion skill. We experiment on a door
opening skill, where we adapt a demonstrated door opening to
a novel configuration, such as different position or orientation
of the door. Following the experimental protocol in prior
work [9], we adapt an imperfect kinesthetic demonstration
which we ensure succeeds occasionally (about 10% of the
time). These demonstrations consist only of robot poses, and
do not include images. We then use a variety of different
video demonstrations, which contain images but not robot
poses, to learn the reward function. These videos include
demonstrations with other doors, and even demonstrations
provided by a human using their own body, rather than through
kinesthetic teaching with the robot. Across all experiments, we
use a total of 11 videos. We provide videos of experiments in
1.

Figure 6 shows the experimental setup. We use a 7-DoF
robotic arm with a two-finger gripper, and a camera placed
above the shoulder, which provides monocular RGB images.
For our baseline PI2 policy, we closely follow the setup of [9]
which uses an IMU sensor in the door handle to provide both
a cost and feedback as part of the state of the controller. In
contrast, in our approach we remove this sensor both from the
state representation provided to PI2 and in our reward replace
the target IMU state with the output of a deep neural network.

1) Data: We experiment with a range of different demon-
strations from which we derive our reward function, varying
both the source demo (human vs robotic), the number of

1sermanet.github.io/rewards

Fig. 6: Robot arm setup. Note that our method does not make use
of the sensor on the back handle of the door, but it is used in our
comparison to train a baseline method with the ground truth reward.

subgoals we extract, and the appearance of the door. We
record monocular RGB images on a camera placed above the
shoulder of the arm. The door is cropped from the images,
and then the resulting image is re-sized such that the shortest
side is 299 dimensional with preserved aspect ratio. The input
into our convolutional feature extractor [29] is the 299x299
center crop.

2) Qualitative Analysis: We evaluate our reward functions
qualitatively by plotting our perceptual reward functions below
the demonstrations with a variety of door types and demon-
strators (e.g robot or human). As can be seen in Fig. 7
and in real experiments Fig. 8, we show that the reward
functions are useful to a robotic arm while only showing
human demonstrations as depicted in Fig. 13. Moreover we
exhibit robustness variations in appearance.

3) Quantitative Analysis: In comparing the success rate
of visual reward versus a baseline PI2 method that use s
the ground truth reward function obtained by instrumenting
the door with an IMU. We run PI2 for 11 iterations with
10 sampled trajectories at each iteration. As can be seen in
Fig. 8, we obtain similar convergence speeds to our baseline

Fig. 4: Entire training set for the pouring task (11 demonstrations).

1) Qualitative Analysis: While a door opening sensor can
be engineered using sensors hidden in the door, measuring
pouring or container tilting would be quite complicated, would
visually alter the scene, and is unrealistic for learning in the
wild. Visual reward functions are therefore an excellent choice
for complex physical phenomena such as liquid pouring. In
Fig. 5, we present the combined reward functions for test
videos on the pouring task, and Fig. 11 shows the intermediate
rewards for each sub-goal. We plot the predicted reward func-
tions for both successful and failed task executions in Fig. 12.
We observe that for “missed” executions where the task is
only partially performed, the intermediate steps are correctly
classified. Fig. 10 details qualitative results of unsupervised
step segmentation for the door opening and pouring tasks. For
the door task, the 2-segments splits are often quite in line
with what one can expect, while a 3-segments split is less
accurate. We also observe that the method is robust to the
presence or absence of the handle on the door, as well as its
opening direction. We find that for the pouring task, the 4-
segments split often yields the most sensible break down. It
is interesting to note that the 2-segment split usually occurs
when the glass is about half full.

Failure Cases
The intermediate reward function for the door opening task

which corresponds to a human hand manipulating the door
handle seems rather noisy or wrong in Fig. 11b, 11c and
11e (”action1” on the y-axis of the plots).The reward function
in Fig. 12f remains flat while liquid is being poured into the
glass. The liquid being somewhat transparent, we suspect that
it looks too similar to the transparent glass for the function to
fire.

2) Quantitative Analysis: We evaluate the quantitative ac-
curacy of the unsupervised steps discovery in Table I (see
Table III for more details), while Table II presents quantitative
generalization results for the learned reward on a test video of
each task. For each video, ground truth intermediate steps were
provided by human supervision for the purpose of evaluation.
While this ground truth is subjective, since each task can
be broken down in multiple ways, it is consistent for the
simple tasks in our experiments. We use the Jaccard similarity
measure (intersection over union) to indicate how much a

detected step overlaps with its corresponding ground truth.
TABLE I: Unsupervised steps discovery accuracy (Jaccard overlap
on training sets) versus the ordered random steps baseline.

dataset method 2 steps 3 steps
(training) average average

door ordered random steps 52.5% 55.4%
unsupervised steps 76.1% 66.9%

pouring ordered random steps 65.9% 52.9%
unsupervised steps 91.6% 58.8%

In Table I, we compare our method against a random
baseline. Because we assume the same step order in all demon-
strations, we also order the random steps in time to provide
a fair baseline. Note that the random baseline performs fairly
well because the steps are distributed somewhat uniformly in
time. Should the steps be much less temporally uniform, the
random baseline would be expected to perform very poorly,
while our method should maintain similar performance. We
compare splitting between 2 and 3 steps and find that, for both
tasks, 2 steps are easier to discover, probably because these
tasks exhibit one strong visual change each while the other
steps are more subtle. Note that our unsupervised segmentation
only works when full sequences are available while our learned
reward functions can be used in real-time without accessing
future frames. Hence in these experiments we evaluate the un-
supervised segmentation on the training set only and evaluate
the reward functions on the test set.
TABLE II: Reward functions accuracy by steps (Jaccard overlap
on test sets).

dataset classification 2 steps 3 steps
(testing) method average average

door random baseline 33.6%± 1.6 25.5%± 1.6
feature selection 72.4%± 0.0 52.9%± 0.0
linear classifier 75.0%± 5.5 53.6%± 4.7

pouring random baseline 31.1%± 3.4 25.1%± 0.1
feature selection 65.4%± 0.0 40.0%± 0.0
linear classifier 69.2%± 2.0 49.6%± 8.0

In Table II, we evaluate the reward functions individually
for each step on the test set. For that purpose, we binarize
the reward function using a threshold of 0.5. The random
baseline simply outputs true or false at each timestep. We
observe that the learned feature selection and linear classifier
functions outperform the baseline by about a factor of 2. It
is not clear exactly what the minimum level of accuracy is
required to successfully learn to perform these tasks, but we
show in section III-B2 that the reward accuracy on the door
task is sufficient to reach 100% success rate with a real robot.
Individual steps accuracy details can be found in Table IV.

Surprisingly, the linear classifier performs well and does not
appear to overfit on our relatively small training set. Although
the feature selection algorithm is rather close to the linear
classifier compared to the baseline, using feature selection to
avoid overfitting is not necessary. However the idea that a
small subset of features (32 in this case) can lead to reasonable
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Fig. 7: Rewards from human demonstration only. Here we show the rewards produced when trained on humans only (see Fig. 13). In
7a, we show the reward on a human test video. In 7b, we show what the reward produces when the human hands misses opening the door.
In 7c, we show the reward successfully saturates when the robot opens the door even though it has not seen a robot arm before. Similarly
in 7d and 7e we show it still works with some amount of variation of the door which was not seen during training (white door and black
handle, blue door, rotations of the door).

Fig. 8: Door opening success rate at each iteration of learning
on the real robot. The PI2 baseline method uses a ground truth
reward function obtained by instrumenting the door. Note that rewards
learned by our method, even from videos of humans or different
doors, learn comparably or faster when compared to the ground truth
reward.

model, with our method also able to open the door consistently.
Since our local policy is able to obtain high reward candidate
trajectories, this is strong evidence that a perceptual reward
could be used to train a global policy in same manner as [9].

IV. CONCLUSION

In this paper, we present a method for automatically
identifying important intermediate goal given a few visual
demonstrations of a task. By leveraging the general features
learned from pre-trained deep models, we propose a method
for rapidly learning an incremental reward function from
human demonstrations which we successfully demonstrate on
a real robotic learning task.

We show that pre-trained models are general enough to be
used without retraining. We also show there exists a small
subset of pre-trained features that are highly discriminative
even for previously unseen scenes and which can be used
to reduce the search space for future work in unsupervised
subgoal discovery.

In this work, we studied imitation in a setting where the
viewpoint of the robot/demonstrator is fixed. An interesting
avenue of future work would be to analyze the impact of
changes in viewpoint. The ability to learn from a learn from
broad diverse sets of experience also ties into the goal of
lifelong robotic learning. Continuous learning using unsuper-
vised rewards promises to substantially increase the variety
and diversity of experiences, resulting in more robust and
general robotic skills.
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