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Understand how we can build intelligent machines

Source: The Atlantic

Does that mean game playing agents?



Understand how we can build intelligent machines

… that can favorably change the state of the physical world around them.

Does that mean factory robots?



Understand how we can build intelligent machines

… that can favorably change the state of the physical world around them.

Video credit: Boston Dynamics, CNN

Or these fun Boston Dynamics robots?



Understand how we can build intelligent machines

Video credit: Pieter Abbeel

Household Robots

Understand how far are we from making this PR1 showcase a reality.

… that can favorably change the state of cluttered real world 
environments to solve a variety of tasks.



What can or can’t robots do today?

Source: Rodney Brooks: https://rodneybrooks.com/my-dated-predictions/ 

Household Robots

https://rodneybrooks.com/my-dated-predictions/


Goals of the Course

• Understand state-of-the-art in robotics and robot learning

• Formulate robot learning problems as MDPs

• Investigate alternative ways of solving MDPs

• Applying these techniques to solve robotic tasks



person, motorcycle, car, chairperson, motorcycle, car, chair

Successes in Computer Vision “in the Wild”

Image Labeling Tasks

K. He et al. Mask R-CNN ICCV 2017



Successes in Computer Vision “in the Wild”

Shape and Pose Estimation for Objects and Humans

S. Goel et al. Shape and Viewpoint without Keypoints. ECCV 2020
A. Kanawaza et al. End-to-end Recovery of Human Shape and Pose. CVPR 2018



Successes in Computer Vision “in the Wild”

Image Generation

A. Ramesh et al. Zero-Shot Text-to-Image Generation. ECCV 2020.



Factors Leading to Success in Computer Vision

A. Krizhevsky  et al. ImageNet Classification with Deep Convolutional Neural Networks. NIPS 2012 
J. Deng et al. ImageNet: A Large-Scale Hierarchical Image Database. CVPR 2009
A. Dosovitskiy et al. An Image is worth 16x16 words: Transformers for Image Recognition at Scale. ICLR 2021

Big models trained on big datasets

Big modelsBig datasets

Hand-designed models  End-to-end learned models→ Even bigger datasets and models



Factors Leading to Success in Computer Vision

A. Radford et al. Learning Transferable Visual Models From Natural Language Supervision. ICML 2021

Big models trained on big datasets



Factors Leading to Success in NLP

T. Brown et al. Language Models are Few-shot Learners. NeurIPS 2020

Big models (transformers) trained on big datasets (Internet text)

Can large-scale learning enable 
robots to execute a variety of tasks in 

cluttered real-world environments?



Robotic Tasks

Navigation

Robot with a first 
person camera

Dropped into a novel 
environment

Navigate 
around

“Go 
300 feet North, 
400 feet East”

Goal

“Go Find a Chair”



Robotic Tasks

Manipulation



Typical Classical Robotics Pipeline

Observations State
Estimation Planning Low-level

Controller Control

Slide adapted from S. Levine.



Typical Classical Robotics Pipeline

Observations State
Estimation Planning Low-level

Controller Control

6DOF Pose Grasp Motion 
PlanningObserved Images

Manipulation

Slide adapted from S. Levine.



Typical Classical Robotics Pipeline

Observations State
Estimation Planning Low-level

Controller Control

But why would learning be useful at all?

Slide adapted from S. Levine.



Robot Navigation

Robot with a first 
person camera

Dropped into a novel 
environment

Navigate 
around

“Go 
300 feet North, 
400 feet East”

Goal

“Go Find a Chair”



Mapping

Planning
Observed Images

Path Plan

Geometric Reconstruction

Hartley and Zisserman. 2000. Multiple View Geometry 
in Computer Vision

Thrun, Burgard, Fox. 2005.  Probabilistic Robotics

Canny. 1988. The complexity of robot motion planning.
Kavraki et al. RA1996. Probabilistic roadmaps for path 

planning in high-dimensional configuration spaces. 
Lavalle and Kuffner. 2000. Rapidly-exploring random 

trees: Progress and prospects.

Video Credits: Mur-Artal et al., Palmieri et al.

Observations State
Estimation Planning Low-level

Controller Control



Geometric 3D Reconstruction of the World

Do we need to tediously reconstruct everything on this table?

Video Credit: Mur-Artal and Tardos, TRobotics 2016. ORB-SLAM2: an Open-Source SLAM System for 
Monocular, Stereo and RGB-D Cameras.

Unnecessary



Geometric 3D Reconstruction of the World

Can’t speculate about space not directly observed.

Insufficient



Geometric 3D Reconstruction of the World

Can’t exploit patterns in layout of indoor spaces.

Insufficient



Geometric 3D Reconstruction of the World

Can’t exploit patterns in layout of indoor spaces.

Insufficient



Simulator based on scans of 
Real World Environments

Gupta et al., CVPR 2017. Cognitive Mapping and Planning for Visual Navigation
Armeni et al. CVPR 2016. 3D Semantic Parsing of Large-Scale Indoor Spaces

Simulate robot views 
and motion

Compute ground 
truth traversability

Learn to make good decisions from partial information



Goal (300, Predicted 
Action

Egomotion
Differentiable 

Planner
Differentiable 

Mapper

Optimal 
Action

=

Train with back-propagation

Learn to make good decisions from partial information

S. Gupta et al. Cognitive Mapping and Planning for Visual Navigation. CVPR 2017. 



And, making such speculations helps!

Goal reaching efficiency % Area 
explored in 
500 steps

Area explored 
alongside other 

adversarial agentsObject Goal Image Goal

Without 
Speculation 0.46 0.33 78.2 9K cells

With 
Speculation 0.53 0.48 86.2 14.5K cells



Free Space
Agent can make predictions about its surroundings



Free Space
Agent can make predictions about its surroundings



Free Space
Agent can make predictions about its surroundings



Free Space Hallway Room

Agent can make predictions about its surroundings



Free Space Hallway Room

Agent can make predictions about its surroundings



Legged Locomotion

Hard to analytically 
model the system

https://www.youtube.com/watch?v=23mBeaGmQ2o
https://www.youtube.com/watch?v=bbp2vcNb7jg


Learn a simulator and learn a policy within it
Research Article ETH Zurich and Intel 3

Fig. 1. Creating a control policy. In the first step, we identify the physical parameters of the robot and estimate uncertainties in the
identification. In the second step, we train an actuator net that models complex actuator/software dynamics. In the third step, we
train a control policy using the models produced in the first two steps. In the fourth step, we deploy the trained policy directly on
the physical system.

lated system and contact dynamics with learning methods that
can handle complex actuation (Fig. 1, steps 1 and 2). The rigid
links of ANYmal, connected through high-quality ball bearings,
closely resemble an idealized multi-body system that can be
modeled with well-known physical principles [40]. However,
this analytical model does not include the set of mechanisms
that map the actuator commands to the generalized forces act-
ing on the rigid-body system: the actuator dynamics, the de-
lays in control signals introduced by multiple hardware and
software layers, the low-level controller dynamics, and compli-
ance/damping at the joints. Since these mechanisms are nearly
impossible to model accurately, we learn the corresponding map-
ping in an end-to-end manner – from commanded actions to the
resulting torques – with a deep network. We learn this “actuator
net” on the physical system via self-supervised learning and
use it in the simulation loop to model each of the 12 joints of
ANYmal. Crucially, the full hybrid simulator, including a rigid-
body simulation and the actuator nets, runs at nearly 500K time
steps per second, which allows the simulation to run roughly a
thousand times faster than real time. About half of the runtime
is used to evaluate the actuator nets, and the remaining computa-
tions are efficiently performed via our in-house simulator, which
exploits the fast contact solver of Hwangbo et al. [41], efficient
recursive algorithms for computing dynamic properties of artic-
ulated systems (composite rigid-body algorithm and recursive
Newton-Euler algorithm) [40], and a fast collision detection li-
brary [42]. Thanks to efficient software implementations, we did
not need any special computing hardware, such as multi-CPU or
multi-GPU servers, for training. All training sessions presented
in this paper were done on a personal computer with one CPU
and one GPU, and none lasted more than eleven hours.

We use the hybrid simulator for training controllers via rein-
forcement learning (Fig. 1, step 3). The controller is represented
by a multi-layer perceptron that takes as input the history of the
robot’s states and produces as output the joint position target.
Specifying different reward functions for RL yields controllers
for different tasks of interest.

The trained controller is then directly deployed on the phys-
ical system (Fig. 1, step 4). Unlike the existing model-based
control approaches, our proposed method is computationally
efficient at runtime. Inference of the simple network used in this
work takes 25 µs on a single CPU thread, which corresponds to
about 0.1% of the available onboard computational resources
on the robot used in the experiments. This is in contrast to
model-based control approaches that often require an external
computer to operate at sufficient frequency [13, 15]. Also, by sim-
ply swapping the network parameter set, the learned controller
manifests vastly different behaviors. Although these behaviors
are trained separately, they share the same code base: only the
high-level task description changes depending on the behav-
ior. In contrast, most of the existing controllers are task-specific
and have to be developed nearly from scratch for every new
maneuver.

We apply the presented methodology to learning several com-
plex motor skills that are deployed on the physical quadruped.
First, the controller enables the ANYmal robot to follow base
velocity commands more accurately and energy-efficiently than
the best previously existing controller running on the same hard-
ware. Second, the controller makes the robot run faster than ever
before, breaking the previous speed record of ANYmal by 25 %.
The controller can operate at the limits of the hardware and
push performance to the maximum. Third, we learn a controller

J. Hwangbo et al. Learning Agile and Dynamic Motor Skills for Legged Robots. Science Robotics 2019.



Control Performance at Test-time

Research Article ETH Zurich and Intel 5

Fig. 2. Quantitative evaluation of the learned locomotion controller. (A) The discovered gait pattern for 1.0 m/s forward velocity
command. The abbreviations stand for Left Front (LF) leg, Right Front (RF) leg, Left Hind (LH) leg, and Right Hind (RH) leg, re-
spectively. (B) The accuracy of the base velocity tracking with our approach. (C)-(E) Comparison of the learned controller against
the best existing controller, in terms of power efficiency, velocity error, and torque magnitude, given forward velocity commands of
0.25, 0.5, 0.75, and 1.0 m/s.

High-speed locomotion

In the previous section, we evaluated the generality and robust-
ness of the learned controller. Now we focus on operating close
to the limits of the hardware to reach the highest possible speed.
The notion of high speed is in general hardware-dependent.
There are some legged robots that are exceptional in this regard.
Park et al. [44] demonstrated full 3D legged locomotion at over
5.0 m/s with the MIT Cheetah. The Boston Dynamics WildCat
has been reported to reach 8.5 m/s [45]. These robots are de-
signed to run as fast as possible whereas ANYmal is designed
to be robust, reliable, and versatile. The current speed record
on ANYmal is 1.2 m/s and has been set using the flying trot
gait [12]. Although this may not seem high, it is 50 % faster than
the previous speed record on the platform [39]. Such velocities
are challenging to reach via conventional controller design while
respecting all limits of the hardware.

We have used the presented methodology to train a high-
speed locomotion controller. This controller was tested on the
physical system by slowly increasing the commanded velocity
to 1.6 m/s and lowering it to zero after 10 meters. The forward
speed and joint velocities/torques are shown in Fig. 3. ANYmal
reached 1.58 m/s in simulation and 1.5 m/s on the physical sys-
tem when the command was set to 1.6 m/s. All speed values
were computed by averaging over at least 3 gait cycles. The
controller used both the maximum torque (40 Nm) and the maxi-

mum joint velocities (12 rad/s) on the physical system as shown
in Fig. 3B and 3C. This shows that the learned policy can exploit
the full capacity of the hardware to achieve the goal. For most ex-
isting methods, planning while accounting for the limitations of
the hardware is very challenging, and executing the plan on the
real system reliably is harder still. Even state-of-the-art methods
[12, 46] cannot limit the actuation during planning due to limita-
tions of their planning module. Modules in their controllers are
not aware of the constraints in the later stages and, consequently,
their outputs may not be realizable on the physical system.

The gait pattern produced by our learned high-speed con-
troller, shown in Fig. 3D, is distinct from the one exhibited by
the command-conditioned locomotion controller. It is close to a
flying trot but with significantly longer flight phase and asym-
metric flight phase duration. This is not a commonly observed
gait pattern in nature and we suspect that it is among multiple
near-optimal solution modes for this task. The behavior of the
policy is illustrated in movie S6.

Recovery from a fall
Legged systems change contact points as they move and are thus
prone to falling. If a legged robot falls and cannot autonomously
restore itself to an upright configuration, a human operator
must intervene. Autonomous recovery after a fall is thus highly
desirable. One possibility is to represent recovery behaviors

Efficient test-time motion



Control Performance at Test-time

R
es

ea
rc

h
A

rt
ic

le
E

TH
Zu

ric
h

an
d

In
te

l
18

Fig. S1. Base velocity tracking performance of the learned controller while following random commands. (A) Forward velocity, (B) Lateral velocity, (C) Yaw rate. For all
graphs, the dotted lines represent the commanded velocity and the solid lines represent the measured velocity. All commands are followed with a reasonable accuracy even
when the commands are given in a random fashion.
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Fig. S2. Base velocity tracking performance of the best existing method while following random commands. (A) Forward velocity, (B) Lateral velocity, (C) Yaw rate. For
all graphs, the dotted lines represent the commanded velocity and the solid lines represent the measured velocity. The tracking performance is significantly worse than the
learned policy.ANYmal Baseline



https://www.youtube.com/watch?v=aTDkYFZFWug


Grasping

Partial observation of environment, 
hard to model agent-object interaction

Supersizing Self-supervision: Learning to Grasp
from 50K Tries and 700 Robot Hours

Lerrel Pinto and Abhinav Gupta
The Robotics Institute, Carnegie Mellon University

(lerrelp, abhinavg)@cs.cmu.edu

Abstract— Current learning-based robot grasping ap-
proaches exploit human-labeled datasets for training the mod-
els. However, there are two problems with such a methodology:
(a) since each object can be grasped in multiple ways, manually
labeling grasp locations is not a trivial task; (b) human labeling
is biased by semantics. While there have been attempts to train
robots using trial-and-error experiments, the amount of data
used in such experiments remains substantially low and hence
makes the learner prone to over-fitting. In this paper, we take
the leap of increasing the available training data to 40 times
more than prior work, leading to a dataset size of 50K data
points collected over 700 hours of robot grasping attempts. This
allows us to train a Convolutional Neural Network (CNN) for
the task of predicting grasp locations without severe overfitting.
In our formulation, we recast the regression problem to an 18-
way binary classification over image patches. We also present
a multi-stage learning approach where a CNN trained in one
stage is used to collect hard negatives in subsequent stages.
Our experiments clearly show the benefit of using large-scale
datasets (and multi-stage training) for the task of grasping.
We also compare to several baselines and show state-of-the-art
performance on generalization to unseen objects for grasping.

I. INTRODUCTION

Consider the object shown in Fig. 1(a). How do we predict
grasp locations for this object? One approach is to fit 3D
models to these objects, or to use a 3D depth sensor, and
perform analytical 3D reasoning to predict the grasp loca-
tions [1]–[4]. However, such an approach has two drawbacks:
(a) fitting 3D models is an extremely difficult problem by
itself; but more importantly, (b) a geometry based-approach
ignores the densities and mass distribution of the object
which may be vital in predicting the grasp locations. There-
fore, a more practical approach is to use visual recognition
to predict grasp locations and configurations, since it does
not require explicit modelling of objects. For example, one
can create a grasp location training dataset for hundreds
and thousands of objects and use standard machine learning
algorithms such as CNNs [5], [6] or autoencoders [7] to
predict grasp locations in the test data. However, creating
a grasp dataset using human labeling can itself be quite
challenging for two reasons. First, most objects can be
grasped in multiple ways which makes exhaustive labeling
impossible (and hence negative data is hard to get; see
Fig. 1(b)). Second, human notions of grasping are biased by
semantics. For example, humans tend to label handles as the
grasp location for objects like cups even though they might
be graspable from several other locations and configurations.
Hence, a randomly sampled patch cannot be assumed to be

Fig. 1. We present an approach to train robot grasping using 50K trial
and error grasps. Some of the sample objects and our setup are shown in
(a). Note that each object in the dataset can be grasped in multiple ways (b)
and therefore exhaustive human labeling of this task is extremely difficult.

a negative data point, even if it was not marked as a positive
grasp location by a human. Due to these challenges, even
the biggest vision-based grasping dataset [8] has about only
1K images of objects in isolation (only one object visible
without any clutter).

In this paper, we break the mold of using manually labeled
grasp datasets for training grasp models. We believe such an
approach is not scalable. Instead, inspired by reinforcement
learning (and human experiential learning), we present a self-
supervising algorithm that learns to predict grasp locations
via trial and error. But how much training data do we need
to train high capacity models such as Convolutional Neural
Networks (CNNs) [6] to predict meaningful grasp locations
for new unseen objects? Recent approaches have tried to use
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Large-scale dataset of grasp outcomes

Fig. 3: Dex-Net 2.0 pipeline for training dataset generation. (Left) The database contains 1,500 3D object mesh models. (Top) For each object, we sample
hundreds of parallel-jaw grasps to cover the surface and evaluate robust analytic grasp metrics using sampling. For each stable pose of the object we associate
a set of grasps that are perpendicular to the table and collision-free for a given gripper model. (Bottom) We also render point clouds of each object in each
stable pose, with the planar object pose and camera pose sampled uniformly at random. Every grasp for a given stable pose is associated with a pixel location
and orientation in the rendered image. (Right) Each image is rotated, translated, cropped, and scaled to align the grasp pixel location with the image center
and the grasp axis with the middle row of the image, creating a 32⇥ 32 grasp image. The full dataset contains over 6.7 million grasp images.

Distribution Description

p(�) truncated Gaussian distribution over friction coefficients
p(O) discrete uniform distribution over 3D object models

p(To|O)
continuous uniform distribution over the discrete set of

object stable poses and planar poses on the table surface

p(Tc)
continuous uniform distribution over spherical coordinates

for radial bounds [r`, ru] and polar angle in [0, �]

TABLE I: Details of the distributions used in the Dex-Net 2.0 graphical model
for generating the Dex-Net training dataset.

We model the state distribution as

p(x) = p(�)p(O)p(To|O)p(Tc)

where the distributions are detailed in Table I. Our grasp
candidate model p(u | x) is a uniform distribution over
pairs of antipodal contact points on the object surface that
form a grasp axis parallel to the table plane. Our observation
model is y = ↵ŷ + ✏ where ŷ is a rendered depth image
for a given object in a given pose, ↵ is a Gamma random
variable modeling depth-proportional noise, and ✏ is zero-mean
Gaussian Process noise over pixel coordinates with bandwidth
` and measurement noise � modeling additive noise [35]. We
model grasp success as:

S(u,x) =

⇢
1 EQ > � and collfree(u,x)
0 otherwise

where EQ is the robust epsilon quality defined in [51], a
variant of the pose error robust metric [56] that includes
uncertainty in friction and gripper pose, and collfree(u,x)
indicates that the gripper does not collide with the object or
table. The supplemental file details the parameters of these
distributions.

2) Database: Dex-Net 2.0 contains 6.7 million datapoints
generated using the pipeline of Fig. 3.

3D Models. The dataset contains a subset of 1,500 mesh
models from Dex-Net 1.0: 1,371 synthetic models from

3DNet [57] and 129 laser scans from the KIT object
database [26]. Each mesh is aligned to a standard frame of
reference using the principal axes, rescaled to fit within a
gripper width of 5.0cm (the opening width of an ABB YuMi
gripper), and assigned a mass of 1.0kg centered in the object
bounding box since some meshes are nonclosed. For each
object we also compute a set of stable poses [12] and store all
stable poses with probability of occurence above a threshold.

Parallel-Jaw Grasps. Each object is labeled with a set of up
to 100 parallel-jaw grasps. The grasps are sampled using the
rejection sampling method for antipodal point pairs developed
in Dex-Net 1.0 [34] with constraints to ensure coverage
of the object surface [33]. For each grasp we evaluate the
expected epsilon quality EQ [42] under object pose, gripper
pose, and friction coefficient uncertainty using Monte-Carlo
sampling [51],

Rendered Point Clouds. Every object is also paired with a
set of 2.5D point clouds (depth images) for each object stable
pose, with camera poses and planar object poses sampled
according to the graphical model described in Section IV-A1.
Images are rendered using a pinhole camera model and per-
spective projection with known camera intrinsics, and each
rendered image is centered on the object of interest using pixel
transformations. Noise is added to the images during training
as described in Section IV-B3.

B. Grasp Quality Convolutional Neural Network
1) Architecture: The Grasp Quality Convolutional Neural

Network (GQ-CNN) architecture, illustrated in Fig. 4 and
detailed in the caption, defines the set of parameters ⇥ used
to represent the grasp robustness function Q✓. The GQ-CNN
takes as input the gripper depth from the camera z and a
depth image centered on the grasp center pixel v = (i, j) and
aligned with the grasp axis orientation '. The image-gripper
alignment removes the need to learn rotational invariances that
can be modeled by known, computationally-efficient image

Fig. 4. Sample patches used for training the Convolutional Neural Network.

Input: The input to our CNN is an image patch extracted
around the grasp point. For our experiments, we use patches
1.5 times as large as the projection of gripper fingertips
on the image, to include context as well. The patch size
used in experiments is 380x380. This patch is resized to
227x227 which is the input image size of the ImageNet-
trained AlexNet [6].
Output: One can train the grasping problem as a regression
problem: that is, given an input image predict (x, y, ✓).
However, this formulation is problematic since: (a) there
are multiple grasp locations for each object; (b) CNNs are
significantly better at classification than the regressing to a
structured output space. Another possibility is to formulate
this as a two-step classification: that is, first learn a binary
classifier model that classifies the patch as graspable or
not and then selects the grasp angle for positive patches.
However graspability of an image patch is a function of the
angle of the gripper, and therefore an image patch can be
labeled as both graspable and non-graspable.

Instead, in our case, given an image patch we estimate
an 18-dimensional likelihood vector where each dimension
represents the likelihood of whether the center of the patch
is graspable at 0�, 10�, . . . 170�. Therefore, our problem can
be thought of an 18-way binary classification problem.
Testing: Given an image patch, our CNN outputs whether
an object is graspable at the center of the patch for the 18
grasping angles. At test time on the robot, given an image,
we sample grasp locations and extract patches which is fed
into the CNN. For each patch, the output is 18 values which
depict the graspability scores for each of the 18 angles. We
select the maximum score across all angles and all patches,
and execute grasp at the corresponding grasp location and

angle.

C. Training Approach
Data preparation: Given a trial experiment datapoint
(xi, yi, ✓i), we sample 380x380 patch with (xi, yi) being the
center. To increase the amount of data seen by the network,
we use rotation transformations: rotate the dataset patches
by ✓rand and label the corresponding grasp orientation as
{✓i + ✓rand}. Some of these patches can be seen in Fig. 4
Network Design: Our CNN, seen in Fig. 5, is a standard
network architecture: our first five convolutional layers are
taken from the AlexNet [6], [33] pretrained on ImageNet.
We also use two fully connected layers with 4096 and 1024
neurons respectively. The two fully connected layers, fc6 and
fc7 are trained with gaussian initialisation.
Loss Function: The loss of the network is formalized as
follows. Given a batch size B, with a patch instance Pi, let
the label corresponding to angle ✓i be defined by li 2 {0, 1}
and the forward pass binary activations Aji (vector of length
2) on the angle bin j we define our batch loss LB as:

LB =
BX

i=1

N=18X

j=1

�(j, ✓i)· softmax(Aji, li) (1)

where, �(j, ✓i) = 1 when ✓i corresponds to jth bin.
Note that the last layer of the network involves 18 binary
layers instead of one multiclass layer to predict the final
graspability scores. Therefore, for a single patch, only the
loss corresponding to the trial angle bin is backpropagated.

D. Staged Learning
Given the network trained on the random trial experience

dataset, the robot now uses this model as a prior on grasping.

Fig. 4. Sample patches used for training the Convolutional Neural Network.

Input: The input to our CNN is an image patch extracted
around the grasp point. For our experiments, we use patches
1.5 times as large as the projection of gripper fingertips
on the image, to include context as well. The patch size
used in experiments is 380x380. This patch is resized to
227x227 which is the input image size of the ImageNet-
trained AlexNet [6].
Output: One can train the grasping problem as a regression
problem: that is, given an input image predict (x, y, ✓).
However, this formulation is problematic since: (a) there
are multiple grasp locations for each object; (b) CNNs are
significantly better at classification than the regressing to a
structured output space. Another possibility is to formulate
this as a two-step classification: that is, first learn a binary
classifier model that classifies the patch as graspable or
not and then selects the grasp angle for positive patches.
However graspability of an image patch is a function of the
angle of the gripper, and therefore an image patch can be
labeled as both graspable and non-graspable.

Instead, in our case, given an image patch we estimate
an 18-dimensional likelihood vector where each dimension
represents the likelihood of whether the center of the patch
is graspable at 0�, 10�, . . . 170�. Therefore, our problem can
be thought of an 18-way binary classification problem.
Testing: Given an image patch, our CNN outputs whether
an object is graspable at the center of the patch for the 18
grasping angles. At test time on the robot, given an image,
we sample grasp locations and extract patches which is fed
into the CNN. For each patch, the output is 18 values which
depict the graspability scores for each of the 18 angles. We
select the maximum score across all angles and all patches,
and execute grasp at the corresponding grasp location and

angle.

C. Training Approach
Data preparation: Given a trial experiment datapoint
(xi, yi, ✓i), we sample 380x380 patch with (xi, yi) being the
center. To increase the amount of data seen by the network,
we use rotation transformations: rotate the dataset patches
by ✓rand and label the corresponding grasp orientation as
{✓i + ✓rand}. Some of these patches can be seen in Fig. 4
Network Design: Our CNN, seen in Fig. 5, is a standard
network architecture: our first five convolutional layers are
taken from the AlexNet [6], [33] pretrained on ImageNet.
We also use two fully connected layers with 4096 and 1024
neurons respectively. The two fully connected layers, fc6 and
fc7 are trained with gaussian initialisation.
Loss Function: The loss of the network is formalized as
follows. Given a batch size B, with a patch instance Pi, let
the label corresponding to angle ✓i be defined by li 2 {0, 1}
and the forward pass binary activations Aji (vector of length
2) on the angle bin j we define our batch loss LB as:

LB =
BX

i=1

N=18X

j=1

�(j, ✓i)· softmax(Aji, li) (1)

where, �(j, ✓i) = 1 when ✓i corresponds to jth bin.
Note that the last layer of the network involves 18 binary
layers instead of one multiclass layer to predict the final
graspability scores. Therefore, for a single patch, only the
loss corresponding to the trial angle bin is backpropagated.

D. Staged Learning
Given the network trained on the random trial experience

dataset, the robot now uses this model as a prior on grasping.

J. Mahler et al. DexNet 2.0. RSS 2017.
L. Pinto et al. Supersizing Self-supervision: Learning to Grasp from 50K Tries and 700 Robot Hours. ICRA 2016 



Large-scale dataset of grasp outcomes

J. Mahler et al. DexNet 2.0. RSS 2017.
L. Pinto et al. Supersizing Self-supervision: Learning to Grasp from 50K Tries and 700 Robot Hours. ICRA 2016 

IGQ REG GQ-Adv-Phys GQ-Adv GQ-S GQ

Success Rate (%) 60±13 52±14 68±13 74±12 72±12 80±11

Precision (%) N/A N/A 68 87 92 100

Robust Grasp Rate (%) N/A N/A 100 30 48 58

Planning Time (sec) 1.8 3.4 0.7 0.7 0.8 0.8

TABLE IV: Performance of grasp planning methods on our grasping bench-
mark with the test dataset of 10 household objects with 95% confidence
intervals for the success rate. Each method was tested for 50 trials, and
details on the methods used for comparison can be found in Section VI-C.
GQ performs best in terms of success rate and precision, with 100% precision
(zero false positives among 29 positive classifications). Performance decreases
with smaller training datasets, but the GQ-CNN methods outperform the
image-based grasp quality metrics (IGQ) and point cloud registration (REG).

Fig. 7: (Left) The test set of 40 household objects used for evaluating the
generalization performance of the Dex-Net 2.0 grasp planner. The dataset
contains rigid, articulated, and deformable objects. (Right) The experimental
setup for order fulfillment with the ABB YuMi. The goal is to grasp and
transport three target objects to a shipping container (box on right).

found in the supplemental file. The CEM-augmented Dex-Net
2.0 grasp planner achieved 94% success and 99% precision
(68 successes out of 69 grasps classified as robust), and it
took an average of 2.5s to plan grasps.

H. Application: Order Fulfillment

To demonstrate the modularity of the Dex-Net 2.0 grasp
planner, we used it in an order fulfillment application with
the ABB YuMi. The goal was to grasp and transport a set
of three target objects to a shipping box in the presence of
three distractor objects when starting with the objects in a pile
on a planar worksurface, illustrated in Fig. 7. Since the Dex-
Net 2.0 grasp planner assumes singulated objects, the YuMi
first separated the objects using a policy learned from human
demonstrations mapping binary images to push locations [30].
When the robot detected an object with sufficient clearance
from the pile, it identified the object based on color and used
GQ-L-Adv to plan a robust grasp. The robot then transported
the object to either the shipping box or a reject box, depending
on whether or not the object was a distractor. The system
successfully placed the correct objects in the box on 4 out of
5 attempts and was successful in grasping on 93% of 27 total
attempts.

I. Failure Modes

Fig. 8 displays some common failures of the GQ-CNN
grasp planner. One failure mode occured when the RGB-D
sensor failed to measure thin parts of the object geometry,
making these regions seem accessible. A second type of failure
occured due to collisions with the object. It appears that the

Fig. 8: Four examples of failed grasps planned using the GQ-CNN from Dex-
Net 2.0. The most common failure modes were related to: (left) missing sensor
data for an important part of the object geometry, such as thin parts of the
object surface, and (right) collisions with the object that are misclassified as
robust.

network was not able to fully distinguish collision-free grasps
in narrow parts of the object geometry. This suggests that
performance could be improved with more accurate depth
sensing and using analytic methods to prune grasps in collsion.

VII. DISCUSSION AND FUTURE WORK

We developed a Grasp Quality Convolutional Neural Net-
work (GQ-CNN) architecture that predicts grasp robustness
from a point cloud and trained it on Dex-Net 2.0, a dataset
containing 6.7 million point clouds, parallel-jaw grasps, and
robust grasp metrics. In over 1,000 physical evaluations, we
found that the Dex-Net 2.0 grasp planner is as reliable and
3⇥ faster a method based on point cloud registration, and had
99% precision on a test set of 40 novel objects.

In future work, our goal is to approach 100% success on
known objects by using active learning to adaptively acquire
grasps using a policy initialized with a GQ-CNN. Additionally,
we plan to exend the method to grasp objects in clutter [15, 32]
by using simulated piles of rigid objects from Dex-Net and
by augmenting the grasping policy with an option to push and
separate objects when no robust grasp is available. We also
intend to extend the method to use point clouds from multiple
viewpoints and in grasping tasks with sequential structure,
such as regrasping for assembly. Furthermore, we plan to
release a subset of our code, dataset, and the trained GQ-CNN
weights to facilitate further research and comparisons.
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APPENDIX A
PARAMETERS OF GRAPHICAL MODEL

Our graphical model is illustrated in Fig. 2 and models
p(S,g,x,y) as the product of a state distribution p(x), an

TABLE II
COMPARING OUR METHOD WITH BASELINES

Heuristic Learning based
Min

eigenvalue
Eigenvalue

limit
Optimistic

param. select kNN SVM Deep Net
(ours)

Deep Net + Multi-stage
(ours)

Accuracy 0.534 0.599 0.621 0.694 0.733 0.769 0.795

Fig. 9. Robot Testing Tasks: At test time we use both novel objects and
training objects with different conditions. Clutter Removal is performed to
show robustness of the grasping model

though the grasp is “successful”, the object falls out due to
slipping (green toy-gun in the third row). Finally, sometimes
the impreciseness of Baxter also causes some failures in
precision grasps. Overall, of the 150 tries, Baxter grasps and
raises novel objects to a height of 20 cm at a success rate of
66%. The grasping success rate for previously seen objects
but in different conditions is 73%.
Clutter Removal: Since our data collection involves objects
in clutter, we show that our model works not only on the
objects in isolation but also on the challenging task of clutter
removal [28]. We attempted 5 tries at removing a clutter of
10 objects drawn from a mix of novel and previously seen
objects. On an average, Baxter is successfully able to clear
the clutter in 26 interactions.

V. CONCLUSION

We have presented a framework to self-supervise robot
grasping task and shown that large-scale trial-error ex-
periments are now possible. Unlike traditional grasping
datasets/experiments which use a few hundred examples
for training, we increase the training data 40x and collect

50K tries over 700 robot hours. Because of the scale of
data collection, we show how we can train a high-capacity
convolutional network for this task. Even though we initialize
using an Imagenet pre-trained network, our CNN has 18M
new parameters to be trained. We compare our learnt grasp
network to baselines and perform ablative studies for a
deeper understanding on grasping. We finally show our
network has good generalization performance with the grasp
rate for novel objects being 66%. While this is just a small
step in bringing big data to the field of robotics, we hope
this will inspire the creation of several other public datasets
for robot interactions.

ACKNOWLEDGMENT
This work was supported by ONR MURI N000141010934

and NSF IIS-1320083.

REFERENCES

[1] Rodney A Brooks. Planning collision-free motions for pick-and-place
operations. IJRR, 2(4):19–44, 1983.

[2] Karun B Shimoga. Robot grasp synthesis algorithms: A survey. IJRR,
15(3):230–266, 1996.

[3] Tomás Lozano-Pérez, Joseph L. Jones, Emmanuel Mazer, and
Patrick A. O’Donnell. Task-level planning of pick-and-place robot
motions. IEEE Computer, 22(3):21–29, 1989.

[4] Van-Duc Nguyen. Constructing force-closure grasps. IJRR, 7(3):3–16,
1988.

[5] B Boser Le Cun, John S Denker, D Henderson, Richard E Howard,
W Hubbard, and Lawrence D Jackel. Handwritten digit recognition
with a back-propagation network. In NIPS. Citeseer, 1990.

[6] Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. Imagenet
classification with deep convolutional neural networks. In NIPS, pages
1097–1105, 2012.

[7] Bruno A Olshausen and David J Field. Sparse coding with an
overcomplete basis set: A strategy employed by v1? Vision research,
37(23):3311–3325, 1997.

[8] Yun Jiang, Stephen Moseson, and Ashutosh Saxena. Efficient grasping
from rgbd images: Learning using a new rectangle representation. In
ICRA 2011, pages 3304–3311. IEEE, 2011.

[9] Sergey Levine, Chelsea Finn, Trevor Darrell, and Pieter Abbeel.
End-to-end training of deep visuomotor policies. arXiv preprint
arXiv:1504.00702, 2015.
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Why Learning?

• Environments are only partially observed

• Complex systems that are hard to model

• Environments or environment-agent interactions can be 

hard to model

• … 

How can we use learning in robotic systems?



person

Learning in Computer Vision



Robot Learning vs Visual Learning

• Supervision?

• More than one answer

• Delayed

• Sustainable source of 

supervision

• Non-stationarity

• Exploration vs exploitation



Formalism for Modeling Behavior

Reinforcement Learning



Markov Decision Process
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Goals of the Course

• Understand state-of-the-art in robotics and robot learning

• Formulate robot learning problems as MDPs

• Investigate alternative ways of solving MDPs

• Applying these techniques to solve robotic tasks



Challenges with Markov Decision Process
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Credit assignment problem in RL
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Alternatives to Solving MDPs

Pieter Abbeel’s Cake M. Andrychowicz et al. Hindsight Experience Replay. NeurIPS 2018.



Solve a Related but Supervision-rich Problem

S. Levine et al. Learning Hand-Eye Coordination for Robotic Grasping with Deep Learning and Large-
Scale Data Collection. ISER 2017.



Build Models and Plan with Them
PILCO - Inverting a pendulum



Build Models and Plan with Them
PILCO - Inverting a pendulum

[PILCO] M. Deisenroth et al. PILCO: A Model-based and Data-Efficient Approach to Policy Search. 
ICML 2011



Learn by Imitating Experts

S. Levine et al. End-to-End Training of Deep Visuomotor Policies. JMLR 2016.



Learn by Observing Experts

A. Kumar et al. Learning Navigation Subroutines by Watching Videos. CoRL 2019.



Hierarchies
Think about going to the airport.
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Course Outline

• Understand state-of-the-art in robotics and robot learning

• Formulate robot learning problems as MDPs

• Investigate alternative ways of solving MDPs

• Applying these techniques to solve robotic tasks
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Action to 
Execute

Goal (300, 400)

Spatial Representation 
of the World

Mapper Planner

S. Gupta et al., CVPR 2017, IJCV 2020.  Cognitive Mapping and Planning for Visual Navigation

Neural 
Network

Typically, useful to incorporate
problem-specific insights.



Locomotion: Combining with low-level control

Deep Drone Racing: Learning Agile Flight in Dynamic Environments
Kaufmann, et al. CoRL 2018



Manipulation: Use of specialized hardware

Learning to Grasp and Re-grasp using Vision and Touch
Calandra, et al. RAL 2018



Course Outline

• Understand state-of-the-art in robotics and robot learning

• Formulate robot learning problems as MDPs

• Investigate alternative ways of solving MDPs

• Applying these techniques to solve robotic tasks

• Perspectives



Perspectives

• Representations vs Behaviors

• Big Data vs Clever Algorithms

• Lessons from Cognitive Science, Psychology, Neuroscience

• …
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• Course outline
• Course logistics
• Get to know each other



Course Logistics

http://saurabhg.web.illinois.edu/teaching/ece598sg/fa2022

TA: 
Aditya Prakash

Instructor: 
Saurabh Gupta

http://saurabhg.web.illinois.edu/teaching/ece598sg/fa2022/
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