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In computer vision,
Solve a related but easy to supervise problem
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In computer vision,
Solve a related but easy to supervise problem
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In computer vision,
Solve a related but easy to supervise problem

• Collecting large-scale labeled datasets is a bottleneck
• Can we train models without relying on semantic supervision?
• Kind of. Supervise using pretext tasks.
• Pretext task: easy to supervise, yet lead to good learning

• Eg: colorization: 



In computer vision,
Solve a related but easy to supervise problem

Images Videos

Across modalities



Design setups that can allow rapid data gathering

Solve a Related but Supervision-rich Problem

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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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
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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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Problem Setup
• Grasp objects on a table-top
• Known robot, unknown objects
• Planar grasping, parameterized by .
• Observation space?
• Action space?

(x, y, θ)



Data collection
• Autonomous data collection:
• force closure on gripper indicates grasp success / failure.

• Collect data over 700 hours.

•



Autonomous data collection and labeling

L. Pinto et al. Supersizing Self-supervision: Learning to Grasp from 50K Tries and 700 Robot Hours. ICRA 2016 



Collected Data

L. Pinto et al. Supersizing Self-supervision: Learning to Grasp from 50K Tries and 700 Robot Hours. ICRA 2016 

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.



Data collection

• Autonomous data collection:
• force closure on gripper indicates grasp success / failure.

• Collect data over 700 hours.

•
• Iterative data collection

•

Fig. 5. Our CNN architecture is similar to AlexNet [6]. We initialize our convolutional layers from ImageNet-trained Alexnet.

Fig. 6. Highly ranked patches from learnt algorithm (a) focus more on the
objects in comparison to random patches (b).

At this stage of data collection, we use both previously
seen objects and novel objects. This ensures that in the next
iteration, the robot corrects for incorrect grasp modalities
while reinforcing the correct ones. Fig. 6 shows how top
ranked patches from a learned model focus more on im-
portant regions of the image compared to random patches.
Using novel objects further enriches the model and avoids
over-fitting.

Note that for every trial of object grasp at this stage,
800 patches are randomly sampled and evaluated by the
deep network learnt in the previous iteration. This produces
a 800 ⇥ 18 grasp-ability prior matrix where entry (i, j)
corresponds to the network activation on the jth angle bin for
the ith patch. Grasp execution is now decided by importance
sampling over the grasp-ability prior matrix.

Inspired by data aggregation techniques [10], during train-
ing of iteration k, the dataset Dk is given by {Dk} =
{Dk�1,�dk}, where dk is the data collected using the model
from iteration k�1. Note that D0 is the random grasp dataset
and iteration 0 is simply trained on D0. The importance
factor � is kept at 3 as a design choice.

The deep network to be used for the kth stage is trained by
finetuning the previously trained network with dataset Dk.
Learning rate for iteration 0 is chosen as 0.01 and trained
over 20 epochs. The remaining iterations are trained with a
learning rate of 0.001 over 5 epochs.

IV. RESULTS

A. Training dataset
The training dataset is collected over 150 objects with

varying graspability. A subset of these objects can be seen
in Fig. 7. At the time of data collection, we use a cluttered

Fig. 7. Random Grasp Sampling Scenario: Our data is collected in clutter
rather than objects in isolation. This allows us to generalize and tackle tasks
like clutter removal.

table rather than objects in isolation. Through our large
data collection and learning approach, we collect 50K grasp
experience interactions. A brief summary of the data statistics
can be found in Table I.

TABLE I
GRASP DATASET STATISTICS

Data Collection
Type Positive Negative Total Grasp Rate

Random Trials 3,245 37,042 40,287 8.05%
Multi-Staged 2,807 4,500 7,307 38.41%
Test Set 214 2,759 2,973 7.19%

6,266 44,301 50,567

B. Testing and evaluation setting

For comparisons with baselines and to understand the
relative importance of the various components in our learning
method, we report results on a held out test set with objects
not seen in the training (Fig. 9). Grasps in the test set are
collected via 3K physical robot interactions on 15 novel and
diverse test objects in multiple poses. Note that this test set
is balanced by random sampling from the collected robot
interactions. The accuracy measure used to evaluate is binary



Training

• Train neural network for prediction grasp success rate

•

•

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.



Testing

• Off-line evaluation
• measure graspability prediction on novel objects

• On-robot Grasping:
• Grasp objects
• Clearing clutter

•

Fig. 2. Overview of how random grasp actions are sampled and executed.

different grasp directions. Finally, we explain our staged-
curriculum learning framework which helps our system to
find hard negatives: data points on which the model per-
forms poorly and hence causes high loss with greater back
propagation signal.
Robot Grasping System: Our experiments are carried out
on a Baxter robot from Rethink Robotics and we use ROS
[31] as our development system. For gripping we use the
stock two fingered parallel gripper with a maximum width
(open state) of 75mm and a minimum width (close state) of
37mm.

A Kinect V2 is attached to the head of the robot that
provides 1920⇥1280 resolution image of the workspace(dull
white colored table-top). Furthermore, a 1280⇥ 720 resolu-
tion camera is attached onto each of Baxter’s end effector
which provides rich images of the objects Baxter interacts
with. For the purposes of trajectory planning a stock Ex-
pansive Space Tree (EST) planner [32] is used. It should be
noted that we use both the robot arms to collect the data
more quickly.

During experiments, human involvement is limited to
switching on the robot and placing the objects on the table
in an arbitrary manner. Apart from initialization, we have
no human involvement in the process of data collection.
Also, in order to gather data as close to real world test
conditions, we perform trial and error grasping experiments
in cluttered environment. Grasped objects, on being dropped,
at times bounce/roll off the robot workspace, however using
cluttered environments also ensures that the robot always
has an object to grasp. This experimental setup negates the
need for constant human supervision. The Baxter robot is
also robust against break down, with experiments running
for 8-10 hours a day.
Gripper Configuration Space and Parametrization: In
this paper, we focus on the planar grasps only. A planar
grasp is one where the grasp configuration is along and per-
pendicular to the workspace. Hence the grasp configuration
lies in 3 dimensions, (x, y): position of grasp point on the
surface of table and ✓: angle of grasp.

A. Trial and Error Experiments

The data collection methodology is succinctly described
in Fig. 2. The workspace is first setup with multiple objects
of varying difficulty of graspability placed haphazardly on a
table with a dull white background. Multiple random trials
are then executed in succession.

Fig. 3. (a) We use 1.5 times the gripper size image patch to predict
the grasp-ability of a location and the angle at which it can be grasped.
Visualization for showing the grasp location and the angle of gripper for
grasping is derived from [8]. (b) At test time we sample patches at different
positions and choose the top graspable location and corresponding gripper
angle.

A single instance of a random trial goes as follows:
Region of Interest Sampling: An image of the table,

queried from the head-mounted Kinect, is passed through
an off-the-shelf Mixture of Gaussians (MOG) background
subtraction algorithm that identifies regions of interest in the
image. This is done solely to reduce the number of random
trials in empty spaces without objects in the vicinity. A
random region in this image is then selected to be the region
of interest for the specific trial instance.

Grasp Configuration Sampling: Given a specific region
of interest, the robot arm moves to 25cm above the object.
Now a random point is uniformly sampled from the space in
the region of interest. This will be the robot’s grasp point.
To complete the grasp configuration, an angle is now chosen
randomly in range(0,⇡) since the two fingered gripper is
symmetric.

Grasp Execution and Annotation: Now given the grasp
configuration, the robot arm executes a pick grasp on the
object. The object is then raised by 20cm and annotated as a
success or a failure depending on the gripper’s force sensor
readings.

Images from all the cameras, robot arm trajectories and
gripping history are recorded to disk during the execution of
these random trials.

B. Problem Formulation
The grasp synthesis problem is formulated as finding a

successful grasp configuration (xS , yS , ✓S) given an image
of an object I . A grasp on the object can be visualised using
the rectangle representation [8] in Fig. 3. In this paper, we use
CNNs to predict grasp locations and angle. We now explain
the input and output to the CNN.



Off-line Testing
• Comparison to heuristic-methods

•
• Effect of amount of training data:

•
• Multi-stage data-gathering helps: accuracy goes up from 76.9 to 

79.5.

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.
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classification i.e. given a patch and executed grasp angle in
the test set, to predict whether the object was grasped or not.

Evaluation by this method preserves two important aspects
for grasping: (a) It ensures that the test data is exactly the
same for comparison which isn’t possible with real robot
experiments. (b) The data is from a real robot which means
methods that work well on this test set should work well on
the real robot. Our deep learning based approach followed
by multi-stage reinforcement yields an accuracy of 79.5%
on this test set. A summary of the baselines can be seen in
Table. II.

We finally demonstrate evaluation in the real robot settings
for grasping objects in isolation and show results on clearing
a clutter of objects.

C. Comparison with heuristic baselines

A strong baseline is the ”common-sense” heuristic which
is discussed in [34]. The heuristic, modified for the RGB
image input task, encodes obvious grasping rules:

1) Grasp about the center of the patch. This rule is
implicit in our formulation of patch based grasping.

2) Grasp about the smallest object width. This is imple-
mented via object segmentation followed by eigenvec-
tor analysis. Heuristic’s optimal grasp is chosen along
the direction of the smallest eigenvalue. If the test set
executed successful grasp is within an error threshold
of the heuristic grasp, the prediction is a success. This
leads to an accuracy of 53.4%

3) Do not grasp too thin objects, since the gripper doesn’t
close completely. If the largest eigenvalue is smaller
than the mapping of the gripper’s minimum width in
image space, the heuristic predicts no viable grasps;
i.e no object is large enough to be grasped. This leads
to an accuracy of 59.9%

By iterating over all possible parameters (error thresholds
and eigenvalue limits) in the above heuristic over the test
set, the maximal accuracy obtained was 62.11% which is
significantly lower than our method’s accuracy. The low
accuracy is understandable since the heuristic doesn’t work
well for objects in clutter.

D. Comparison with learning based baselines

We now compare with a couple of learning based algo-
rithms. We use HoG [35] features in both the following
baselines since it preserves rotational variance which is
important to grasping:

1) k Nearest Neighbours (kNN): For every element in the
test set, kNN based classification is performed over
elements in the train set that belong to the same angle
class. Maximal accuracy over varying k (optimistic
kNN) is 69.4%.

2) Linear SVM: 18 binary SVMs are learnt for each of the
18 angle bins. After choosing regularisation parameters
via validation, the maximal accuracy obtained is 73.3%

0.4

0.55

0.7

0.85

1

Random 5K 10K 20K 40K

0.7690.756

0.578

0.5080.5

0.4

0.55

0.7

0.85

1

Random 5K 10K 20K 40K

0.957
0.927

0.872

0.794

0.5

Novel objects Seen objects
A

cc
ur

ac
y

A
cc

ur
ac

y

Fig. 8. Comparison of the performance of our learner over different training
set sizes. Clear improvements in accuracy can be seen in both seen and
unseen objects with increasing amounts of data.

E. Ablative analysis
Effects of data: It is seen in Fig. 8 that adding more data

definitely helps in increasing accuracy. This increase is more
prominent till about 20K data points after which the increase
is small.

Effects of pretraining: An important question is how much
boost does using pretrained network give. Our experiments
suggest that this boost is significant: from accuracy of
64.6% on scratch network to 76.9% on pretrained networks.
This means that visual features learnt from task of image
classification [6] aides the task of grasping objects.

Effects of multi-staged learning: After one stage of rein-
forcement, testing accuracy increases from 76.9% to 79.3%.
This shows the effect of hard negatives in training where
just 2K grasps improve more than from 20K random grasps.
However this improvement in accuracy saturates to 79.5%
after 3 stages.

Effects of data aggregation: We notice that without ag-
gregating data, and training the grasp model only with data
from the current stage, accuracy falls from 76.9% to 72.3%.

F. Robot testing results
Testing is performed over novel objects never seen by the

robot before as well as some objects previously seen by the
robot. Some of the novel objects can be seen in Fig. 9.
Re-ranking Grasps: One of the issues with Baxter is the
precision of the arm. Therefore, to account for the impreci-
sion, we sample the top 10 grasps and re-rank them based on
neighborhood analysis: given an instance (P i

topK ,✓itopK ) of a
top patch, we further sample 10 patches in the neighbourhood
of P i

topK . The average of the best angle scores for the
neighbourhood patches is assigned as the new patch score
Ri

topK for the grasp configuration defined by (P i
topK ,✓itopK ).

The grasp configuration associated with the largest Ri
topK is

then executed. This step ensures that even if the execution of
the grasp is off by a few millimeters, it should be successful.
Grasp Results: We test the learnt grasp model both on novel
objects and training objects under different pose conditions.
A subset of the objects grasped along with failures in
grasping can be seen in Fig. 10. Note that some of the
grasp such as the red gun in the second row are reasonable
but still not successful due to the gripper size not being
compatible with the width of the object. Other times even



On-line Testing
• Grasping rate for novel objects: 66%
• Grasping rate for seen objects: 73%
• Clutter removal: 10 object clutter, 26 interactions to clear clutter

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.
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Abstract— Skilled robotic manipulation benefits from com-
plex synergies between non-prehensile (e.g. pushing) and pre-
hensile (e.g. grasping) actions: pushing can help rearrange
cluttered objects to make space for arms and fingers; likewise,
grasping can help displace objects to make pushing movements
more precise and collision-free. In this work, we demonstrate
that it is possible to discover and learn these synergies from
scratch through model-free deep reinforcement learning. Our
method involves training two fully convolutional networks that
map from visual observations to actions: one infers the utility
of pushes for a dense pixel-wise sampling of end effector
orientations and locations, while the other does the same for
grasping. Both networks are trained jointly in a Q-learning
framework and are entirely self-supervised by trial and error,
where rewards are provided from successful grasps. In this way,
our policy learns pushing motions that enable future grasps,
while learning grasps that can leverage past pushes. During
picking experiments in both simulation and real-world scenar-
ios, we find that our system quickly learns complex behaviors
amid challenging cases of clutter, and achieves better grasping
success rates and picking efficiencies than baseline alternatives
after only a few hours of training. We further demonstrate that
our method is capable of generalizing to novel objects. Quali-
tative results (videos), code, pre-trained models, and simulation
environments are available at http://vpg.cs.princeton.edu

I. INTRODUCTION

Skilled manipulation benefits from the synergies between
non-prehensile (e.g. pushing) and prehensile (e.g. grasping)
actions: pushing can help rearrange cluttered objects to make
space for arms and fingers (see Fig. 1); likewise, grasping
can help displace objects to make pushing movements more
precise and collision-free.

Although considerable research has been devoted to both
push and grasp planning, they have been predominantly stud-
ied in isolation. Combining pushing and grasping policies for
sequential manipulation is a relatively unexplored problem.
Pushing is traditionally studied for the task of precisely
controlling the pose of an object. However, in many of the
synergies between pushing and grasping, pushing plays a
loosely defined role, e.g. separating two objects, making
space in a particular area, or breaking up a cluster of objects.
These goals are difficult to define or reward for model-
based [1], [2], [3] or data-driven [4], [5], [6] approaches.

Many recent successful approaches to learning grasping
policies, maximize affordance metrics learned from expe-
rience [7], [8] or induced by grasp stability metrics [9],

The authors would like to thank NSF (VEC 1539014/1539099), Google,
Intel, NVIDIA, ABB Robotics, and Mathworks for hardware, technical, and
financial support.

Fig. 1. Example configuration of tightly packed blocks reflecting
the kind of clutter that commonly appears in real-world scenarios (e.g.
with stacks of books, boxes, etc.), which remains challenging for grasp-
only manipulation policies. Our model-free system is able to plan pushing
motions that can isolate these objects from each other, making them easier
to grasp; improving the overall stability and efficiency of picking.

[10]. However, it remains unclear how to plan sequences
of actions that combine grasps and pushes, each learned
in isolation. While hard-coded heuristics for supervising
push-grasping policies have been successfully developed by
exploiting domain-specific knowledge [11], they limit the
types of synergistic behaviors between pushing and grasping
that can be performed.

In this work, we propose to discover and learn synergies
between pushing and grasping from experience through
model-free deep reinforcement learning (in particular, Q-
learning). The key aspects of our system are:

• We learn joint pushing and grasping policies through
self-supervised trial and error. Pushing actions are use-
ful only if, in time, enable grasping. This is in contrast
to prior approaches that define heuristics or hard-coded
objectives for pushing motions.

• We train our policies end-to-end with a deep network
that takes in visual observations and outputs expected
return (i.e. in the form of Q values) for potential pushing
and grasping actions. The joint policy then chooses the
action with the highest Q value – i.e. , the one that max-
imizes the expected success of current/future grasps.
This is in contrast to explicitly perceiving individual
objects and planning actions on them based on hand-
designed features [12].

This formulation enables our system to execute complex
sequential manipulations (with pushing and grasping) of
objects in unstructured picking scenarios and generalizes to
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Summary

• Learning of pushing motion that is useful for grasping
• Clever parameterization of Q-functions
• Thorough evaluation of design choices in simulation



Q-functions

• Action space?
• Observation space?

•
• Rewards:
•  +1 is successfully grasped

•  +0.5 if push caused change in scene (SSD)
• gamma = 0.5
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Fig. 2. Overview of our system and Q-learning formulation. Our robot arm operates over a workspace observed by a statically mounted RGB-D camera.
Visual 3D data is re-projected onto an orthographic RGB-D heightmap, which serves as a representation of the current state st. The heightmaps are then fed
into two FCNs - one �p inferring pixel-wise Q values (visualized with heat maps) for pushing to the right of the heightmap and another �g for horizontal
grasping over the heightmap. Each pixel represents a different location on which to execute the primitive. This is repeated for 16 different rotations of the
heightmap to account for various pushing and grasping angles. These FCNs jointly define our deep Q function and are trained simultaneously.

proposals represented by hand-crafted features. They propose
a pipeline that first segments images into objects, proposes
pushing and grasping actions, extracts hand-tuned features
for each action, then executes the action with highest ex-
pected reward. While inspiring, their method models percep-
tion and control policies separately (not end-to-end); it relies
on model-based simulation to predict the motion of pushed
objects and to infer its benefits for future grasping (those
predictions are the two “features” provided to the pushing
policy); it is tuned to work mainly for convex objects, and
demonstrated on only one scenario with only two objects (a
cylinder next to a box). In contrast, we train perception and
control policies with end-to-end deep networks; we make no
assumptions about the shapes or dynamics of objects (model-
free), and we demonstrate that our formulation works not
only for a variety of test cases with numerous objects (up
to 30+), but also that it is capable of quickly generalizing to
novel objects and scenarios. To the best of our knowledge,
our work is the first model-free system to perform rein-
forcement learning of complementary pushing and grasping
policies with deep networks that operate end-to-end from
visual observations to actions.

III. PROBLEM FORMULATION

We formulate the task of pushing-for-grasping as a Markov
decision process: at any given state st at time t, the agent
(i.e. robot) chooses and executes an action at according to
a policy ⇡(st), then transitions to a new state st+1 and
receives an immediate corresponding reward Rat(st, st+1).
The goal of our robotic reinforcement learning problem is to
find an optimal policy ⇡⇤ that maximizes the expected sum
of future rewards, given by Rt =

P1
i=t �Rai(si, si+1), i.e.

�-discounted sum over an infinite-horizon of future returns
from time t to 1.

In this work, we investigate the use of off-policy Q-
learning to train a greedy deterministic policy ⇡(st) that
chooses actions by maximizing the action-value function (i.e.
Q-function) Q⇡(st, at), which measures the expected reward

of taking action at in state st at time t. Formally, our learning
objective is to iteratively minimize the temporal difference
error �t of Q⇡(st, at) to a fixed target value yt:

�t = |Q(st, at)� yt|

yt = Rat(st, st+1) + �Q(st+1, argmax
a0
t

(Q(st+1, a
0
t)))

where a0t is the set of all available actions.

IV. METHOD

This section provides details of our Q-learning formula-
tion, network architectures, and training protocols.

A. State Representations
We model each state st as an RGB-D heightmap image

representation of the scene at time t. To compute this
heightmap, we capture RGB-D images from a fixed-mount
camera, project the data onto a 3D point cloud, and ortho-
graphically back-project upwards in the gravity direction to
construct a heightmap image representation with both color
(RGB) and height-from-bottom (D) channels (see Fig. 2).
The edges of the heightmaps are predefined with respect to
the boundaries of the agent’s workspace for picking. In our
experiments, this area covers a 0.4482m tabletop surface.
Since our heightmaps have a pixel resolution of 224⇥ 224,
each pixel spatially represents a 22mm vertical column of
3D space in the agent’s workspace.

B. Primitive Actions
We parameterize each action at as a motion primitive

behavior  (e.g. pushing or grasping) executed at the 3D
location q projected from a pixel p of the heightmap image
representation of the state st:

a = ( , q) |  2 {push, grasp}, q ⇣ p 2 st

Our motion primitive behaviors are defined as follows:
Pushing: q denotes the starting position of a 10cm push
in one of k = 16 directions. The trajectory of the push is

Rg

Rp



Simulation Results

environment. Naively weighting actions based on visit counts
can also be inefficient due our pixel-wise parameterization of
the action space. Hence, to alleviate this issue during testing,
we prescribe a small learning rate to the network at 10�5

and continue backpropagating gradients through the network
after each executed action. Network weights are reset before
each new test run – indicated by when all objects in the
workspace have been successfully grasped (i.e. completion)
or when the number of consecutively executed actions for
which there is no change to the environment exceeds 10.

V. EXPERIMENTS

We executed a series of experiments to test the proposed
approach, which we call Visual Pushing for Grasping
(VPG). The goals of the experiments are three-fold: 1) to
investigate whether the addition of pushing as a motion
primitive can enlarge the set of scenarios in which objects
can successfully be grasped (i.e. does pushing help grasping),
2) to test whether it is feasible to train pushing policies
with supervision mainly from the future expected success
of another grasping policy trained simultaneously, and 3)
to demonstrate that our formulation is capable of training
effective, non-trivial pushing-for-grasping policies directly
from visual observations on a real system.

A. Baseline Methods
To address these goals, we compare the picking perfor-

mance of VPG to the following baseline approaches:
Reactive Grasping-only Policy (Grasping-only) is a grasp-
ing policy that uses the same pixel-wise state and action
space formulation as our proposed method described in
Section IV, but uses a single FCN supervised with binary
classification (from trial and error) to infer pixel-wise affor-
dance values between 0 and 1 for grasping only. This baseline
is a greedy deterministic policy that follows the action which
maximizes the immediate grasping affordance value at every
time step t. This baseline is analogous to a self-supervised
version of a state-of-the-art top-down parallel-jaw grasping
algorithm [8]. For a fair comparison, we extend that method
using DenseNet [32] pre-trained on ImageNet [33].
Reactive Pushing and Grasping Policy (P+G Reactive) is
an augmented version of the previous baseline, but with an
additional FCN to infer pixel-wise affordance values between
0 and 1 for pushing. Both networks are trained with binary
classification from self-supervised trial and error, where
pushing is explicitly supervised with a binary value from
change detection (as described in Section IV-D). Change
detection is the simplest form of direct supervision for
pushing, but requires higher values of ✏ for the exploration
strategy to maintain stable training. This policy follows the
action which maximizes the immediate affordance value
(which can come from either the pushing or grasping FCNs).

Both aforementioned baselines are reactive as they do
not plan long-horizon strategies, but instead greedily choose
actions based on affordances computed from the current state
st. Our training optimization parameters for these baselines
are kept the same as that of VPG.
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Fig. 3. Simulation environment. Policies are trained in scenarios with
random arrangements of 10 objects (left), then evaluated in scenarios with
varying degrees of clutter (10 objects, 30 objects, or challenging object
arrangements). In the most challenging scenarios, adversarial clutter was
manually engineered to reflect challenging real-world picking scenarios (e.g.
tightly packed boxes, as shown on the right).

B. Evaluation Metrics

We test the methods by executing a series of tests in which
the system must pick and remove objects from a table with
novel arrangements of objects (as described in Sec. IV-F).

For each test, we execute n runs (n 2 ⇠ 10, 30) and
then evaluate performance with 3 metrics: 1) the average
% completion rate over the n test runs, which measures the
ability of the policy to finish the task by picking up all objects
without failing consecutively for more than 10 attempts, 2)
the average % grasp success rate per completion, and 3) the
% action efficiency (defined as # objects in test

# actions before completion ), which
describes how succinctly the policy is capable of finishing
the task. Note that grasp success rate is equivalent to action
efficiency for grasping-only policies. For all of these metrics,
higher is better.

We run experiments on both simulated and real-world
platforms. While our main objective is to demonstrate effec-
tive VPG policies on a real robot, we also run experiments
in simulation to provide controlled environments for fair
evaluation between methods and for ablation studies. In
experiments on both platforms, we run tests with objects
placed in both random and challenging arrangements.

C. Simulation Experiments

Our simulation setup uses a UR5 robot arm with an RG2
gripper in V-REP [39] (illustrated in Fig. 3) with Bullet
Physics 2.83 for dynamics and V-REP’s internal inverse kine-
matics module for robot motion planning. Each test run in
simulation was run n = 30 times. The objects used in these
simulations include 9 different 3D toy blocks, the shapes and
colors of which are randomly chosen during experiments.
Most dynamics parameters are kept default except friction
coefficients, which have been modified to achieve synthetic
object interaction behaviors as similar as possible to that of
the real-world. We did not perform any tuning of random
seeds for the simulated physics in our experiments. We also
simulate a statically mounted perspective 3D camera in the

• Grasping random arrangements

•
• Grasping adversarial arrangements

•

TABLE I
SIMULATION RESULTS ON RANDOM ARRANGEMENTS (MEAN %)

Method Completion Grasp Success Action Efficiency
Grasping-only [8] 90.9 55.8 55.8

P+G Reactive 54.5 59.4 47.7
VPG 100.0 67.7 60.9

environment, from which perception data is captured. RGB-
D images of resolution 640⇥480 are rendered with OpenGL
from the camera, without any noise models for depth or color.
Comparisons to Baselines. Our first experiment compares
VPG to the two baseline methods in a simulation where 30
objects are randomly dropped onto a table. This scenario is
similar to the training scenario, except it has 30 objects rather
than 10, thus testing the generalization of policies to more
cluttered scenarios. Results are shown in Table I. We see that
VPG outperforms both baseline methods across all metrics.
It is interesting to note that P+G reactive performs poorly in
terms of completion rates and action efficiency. This likely
due to its tendency (in the face of clutter) to continually push
objects around until they are forced out of the workspace as
grasping affordances remain low.
Challenging Arrangements. We also compare VPG in
simulation to the baseline methods on 11 challenging test
cases with adversarial clutter. Each test case consists of a
configuration of 3 - 6 objects placed in the workspace in
front of the robot, 3 configurations of which are shown
in Fig. 3. These configurations are manually engineered to
reflect challenging picking scenarios, and remain exclusive
from the training procedure (described in Sec. IV-E). Across
many of these test cases, objects are laid closely side by side,
in positions and orientations that even an optimal grasping
policy would have trouble successfully picking up any of
the objects without de-cluttering first. As a sanity check, a
single isolated object is additionally placed in the workspace
separate from the configuration. This is just to ensure that all
policies have been sufficiently trained prior to the benchmark
(i.e. a policy is not ready if fails to grasp the isolated object).

Results are shown in Table II. From the completion results,
we observe that the addition of pushing enlarges the set of the
scenarios for which successful grasping can be performed.
Across the collection of test cases, the grasping-only policy
frequently struggles to complete the picking task (with a 0%
completion rate for 5 out of the 11 test cases). We observe
this be particularly true in scenarios where large cuboids are
laid closely side-by-side (Fig. 3). Even when the policy does
successfully complete the task, the average grasp success
rates remain relatively low at 50-60%.

TABLE II
SIMULATION RESULTS ON CHALLENGING ARRANGEMENTS (MEAN %)

Method Completion Grasp Success Action Efficiency
Grasping-only [8] 40.6 51.7 51.7

P+G Reactive 48.2 59.0 46.4
VPG 82.7 77.2 60.1

Upon the addition of pushing as an additional action

Fig. 4. Comparing performance of VPG policies trained with and without
rewards for pushing. Solid lines indicate % grasp success rates (primary
metric of performance) and dotted lines indicate % push-then-grasp success
rates (secondary metric to measure quality of pushes) over training steps.

primitive in the P+G reactive policy, we immediately see
an increase in picking completion rates and there are no
longer cases in which the policy completely fails with a
0% completion rate. While the P+G reactive policy achieves
higher completion and grasp success rates than grasping-
only, the average action efficiency is lower. This suggests
that the policy executes a large number of pushes, many of
which are not succinct and may not actually help grasping.
This is expected, since P+G reactive uses binary supervision
from change detection for pushing – pushing motions are not
directly supervised by how well they help grasping.

By enabling joint planning of pushing and grasping with
VPG, we observe substantially higher completion and grasp
success rates (with a 100% completion rate for 5 of the 11
test cases). The higher action efficiency also indicates that
the pushes are now more succinct in how they help grasping.
No Pushing Rewards? We next investigate whether our
method can learn synergistic pushing and grasping ac-
tions even without any intrinsic rewards for pushing
(Rp(st, st+1) = 0). We call this variant of our algorithm
“VPG-noreward”. In this more difficult setting, the pushing
policy learns to effect change only through the reward
provided by future grasps.

For this study, we run tests in simulation with 10 randomly
placed objects. We report results with plots of grasping
performance versus training steps. Grasping performance is
measured by the % grasp success rate over the last j =
200 grasp attempts, indicated by solid lines in Fig. 4. We
also report the % push-then-grasp success rates (i.e. pushes
followed immediately by a grasp – considered successful if
the grasp was successful), indicated by dotted lines. Since
there is no defacto way to measure the quality of the pushing
motions for how well they benefit a model-free grasping
policy, this secondary metric serves as a good approximation.
The numbers reported at earlier training steps (i.e. iteration
i < j) in Fig. 4 are weighted by i

j . Each training step consists
of capturing data, computing a forward pass, executing an
action, backpropagating, and running a single iteration of
experience replay (with another forward pass and backprop-

TABLE I
SIMULATION RESULTS ON RANDOM ARRANGEMENTS (MEAN %)

Method Completion Grasp Success Action Efficiency
Grasping-only [8] 90.9 55.8 55.8

P+G Reactive 54.5 59.4 47.7
VPG 100.0 67.7 60.9

environment, from which perception data is captured. RGB-
D images of resolution 640⇥480 are rendered with OpenGL
from the camera, without any noise models for depth or color.
Comparisons to Baselines. Our first experiment compares
VPG to the two baseline methods in a simulation where 30
objects are randomly dropped onto a table. This scenario is
similar to the training scenario, except it has 30 objects rather
than 10, thus testing the generalization of policies to more
cluttered scenarios. Results are shown in Table I. We see that
VPG outperforms both baseline methods across all metrics.
It is interesting to note that P+G reactive performs poorly in
terms of completion rates and action efficiency. This likely
due to its tendency (in the face of clutter) to continually push
objects around until they are forced out of the workspace as
grasping affordances remain low.
Challenging Arrangements. We also compare VPG in
simulation to the baseline methods on 11 challenging test
cases with adversarial clutter. Each test case consists of a
configuration of 3 - 6 objects placed in the workspace in
front of the robot, 3 configurations of which are shown
in Fig. 3. These configurations are manually engineered to
reflect challenging picking scenarios, and remain exclusive
from the training procedure (described in Sec. IV-E). Across
many of these test cases, objects are laid closely side by side,
in positions and orientations that even an optimal grasping
policy would have trouble successfully picking up any of
the objects without de-cluttering first. As a sanity check, a
single isolated object is additionally placed in the workspace
separate from the configuration. This is just to ensure that all
policies have been sufficiently trained prior to the benchmark
(i.e. a policy is not ready if fails to grasp the isolated object).

Results are shown in Table II. From the completion results,
we observe that the addition of pushing enlarges the set of the
scenarios for which successful grasping can be performed.
Across the collection of test cases, the grasping-only policy
frequently struggles to complete the picking task (with a 0%
completion rate for 5 out of the 11 test cases). We observe
this be particularly true in scenarios where large cuboids are
laid closely side-by-side (Fig. 3). Even when the policy does
successfully complete the task, the average grasp success
rates remain relatively low at 50-60%.

TABLE II
SIMULATION RESULTS ON CHALLENGING ARRANGEMENTS (MEAN %)

Method Completion Grasp Success Action Efficiency
Grasping-only [8] 40.6 51.7 51.7

P+G Reactive 48.2 59.0 46.4
VPG 82.7 77.2 60.1

Upon the addition of pushing as an additional action

Fig. 4. Comparing performance of VPG policies trained with and without
rewards for pushing. Solid lines indicate % grasp success rates (primary
metric of performance) and dotted lines indicate % push-then-grasp success
rates (secondary metric to measure quality of pushes) over training steps.

primitive in the P+G reactive policy, we immediately see
an increase in picking completion rates and there are no
longer cases in which the policy completely fails with a
0% completion rate. While the P+G reactive policy achieves
higher completion and grasp success rates than grasping-
only, the average action efficiency is lower. This suggests
that the policy executes a large number of pushes, many of
which are not succinct and may not actually help grasping.
This is expected, since P+G reactive uses binary supervision
from change detection for pushing – pushing motions are not
directly supervised by how well they help grasping.

By enabling joint planning of pushing and grasping with
VPG, we observe substantially higher completion and grasp
success rates (with a 100% completion rate for 5 of the 11
test cases). The higher action efficiency also indicates that
the pushes are now more succinct in how they help grasping.
No Pushing Rewards? We next investigate whether our
method can learn synergistic pushing and grasping ac-
tions even without any intrinsic rewards for pushing
(Rp(st, st+1) = 0). We call this variant of our algorithm
“VPG-noreward”. In this more difficult setting, the pushing
policy learns to effect change only through the reward
provided by future grasps.

For this study, we run tests in simulation with 10 randomly
placed objects. We report results with plots of grasping
performance versus training steps. Grasping performance is
measured by the % grasp success rate over the last j =
200 grasp attempts, indicated by solid lines in Fig. 4. We
also report the % push-then-grasp success rates (i.e. pushes
followed immediately by a grasp – considered successful if
the grasp was successful), indicated by dotted lines. Since
there is no defacto way to measure the quality of the pushing
motions for how well they benefit a model-free grasping
policy, this secondary metric serves as a good approximation.
The numbers reported at earlier training steps (i.e. iteration
i < j) in Fig. 4 are weighted by i

j . Each training step consists
of capturing data, computing a forward pass, executing an
action, backpropagating, and running a single iteration of
experience replay (with another forward pass and backprop-

TABLE I
SIMULATION RESULTS ON RANDOM ARRANGEMENTS (MEAN %)

Method Completion Grasp Success Action Efficiency
Grasping-only [8] 90.9 55.8 55.8

P+G Reactive 54.5 59.4 47.7
VPG 100.0 67.7 60.9

environment, from which perception data is captured. RGB-
D images of resolution 640⇥480 are rendered with OpenGL
from the camera, without any noise models for depth or color.
Comparisons to Baselines. Our first experiment compares
VPG to the two baseline methods in a simulation where 30
objects are randomly dropped onto a table. This scenario is
similar to the training scenario, except it has 30 objects rather
than 10, thus testing the generalization of policies to more
cluttered scenarios. Results are shown in Table I. We see that
VPG outperforms both baseline methods across all metrics.
It is interesting to note that P+G reactive performs poorly in
terms of completion rates and action efficiency. This likely
due to its tendency (in the face of clutter) to continually push
objects around until they are forced out of the workspace as
grasping affordances remain low.
Challenging Arrangements. We also compare VPG in
simulation to the baseline methods on 11 challenging test
cases with adversarial clutter. Each test case consists of a
configuration of 3 - 6 objects placed in the workspace in
front of the robot, 3 configurations of which are shown
in Fig. 3. These configurations are manually engineered to
reflect challenging picking scenarios, and remain exclusive
from the training procedure (described in Sec. IV-E). Across
many of these test cases, objects are laid closely side by side,
in positions and orientations that even an optimal grasping
policy would have trouble successfully picking up any of
the objects without de-cluttering first. As a sanity check, a
single isolated object is additionally placed in the workspace
separate from the configuration. This is just to ensure that all
policies have been sufficiently trained prior to the benchmark
(i.e. a policy is not ready if fails to grasp the isolated object).

Results are shown in Table II. From the completion results,
we observe that the addition of pushing enlarges the set of the
scenarios for which successful grasping can be performed.
Across the collection of test cases, the grasping-only policy
frequently struggles to complete the picking task (with a 0%
completion rate for 5 out of the 11 test cases). We observe
this be particularly true in scenarios where large cuboids are
laid closely side-by-side (Fig. 3). Even when the policy does
successfully complete the task, the average grasp success
rates remain relatively low at 50-60%.

TABLE II
SIMULATION RESULTS ON CHALLENGING ARRANGEMENTS (MEAN %)

Method Completion Grasp Success Action Efficiency
Grasping-only [8] 40.6 51.7 51.7

P+G Reactive 48.2 59.0 46.4
VPG 82.7 77.2 60.1

Upon the addition of pushing as an additional action
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Fig. 4. Comparing performance of VPG policies trained with and without
rewards for pushing. Solid lines indicate % grasp success rates (primary
metric of performance) and dotted lines indicate % push-then-grasp success
rates (secondary metric to measure quality of pushes) over training steps.

primitive in the P+G reactive policy, we immediately see
an increase in picking completion rates and there are no
longer cases in which the policy completely fails with a
0% completion rate. While the P+G reactive policy achieves
higher completion and grasp success rates than grasping-
only, the average action efficiency is lower. This suggests
that the policy executes a large number of pushes, many of
which are not succinct and may not actually help grasping.
This is expected, since P+G reactive uses binary supervision
from change detection for pushing – pushing motions are not
directly supervised by how well they help grasping.

By enabling joint planning of pushing and grasping with
VPG, we observe substantially higher completion and grasp
success rates (with a 100% completion rate for 5 of the 11
test cases). The higher action efficiency also indicates that
the pushes are now more succinct in how they help grasping.
No Pushing Rewards? We next investigate whether our
method can learn synergistic pushing and grasping ac-
tions even without any intrinsic rewards for pushing
(Rp(st, st+1) = 0). We call this variant of our algorithm
“VPG-noreward”. In this more difficult setting, the pushing
policy learns to effect change only through the reward
provided by future grasps.

For this study, we run tests in simulation with 10 randomly
placed objects. We report results with plots of grasping
performance versus training steps. Grasping performance is
measured by the % grasp success rate over the last j =
200 grasp attempts, indicated by solid lines in Fig. 4. We
also report the % push-then-grasp success rates (i.e. pushes
followed immediately by a grasp – considered successful if
the grasp was successful), indicated by dotted lines. Since
there is no defacto way to measure the quality of the pushing
motions for how well they benefit a model-free grasping
policy, this secondary metric serves as a good approximation.
The numbers reported at earlier training steps (i.e. iteration
i < j) in Fig. 4 are weighted by i

j . Each training step consists
of capturing data, computing a forward pass, executing an
action, backpropagating, and running a single iteration of
experience replay (with another forward pass and backprop-
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Fig. 5. Comparing performance of VPG policies initialized without weights
pre-trained on ImageNet and without the depth channels of the RGB-D
heightmap (i.e. no height-from-bottom, only color information). Solid lines
indicate % grasp success rates (primary metric of performance) and dotted
lines indicate % push-then-grasp success rates (secondary metric to measure
quality of pushes) over training steps.

agation on a sample from the replay buffer).
From these results, we see that VPG-noreward is capable

of learning effective pushing and grasping policies – achiev-
ing grasping success rates at 70-80%. We also see that it
learns a pushing policy that increasingly helps grasping (note
the positive slope of the dotted red line, which suggests
pushes are helping future grasps more and more as the
system trains). This rate of improvement is not as good as
VPG, but the final performance is only slightly lower.
No ImageNet Pre-training? We trained a version of VPG
(“VPG-nopretrain") without ImageNet pre-training of FCN
weights (i.e. with only random initialization) and report its
performance versus training steps in Fig. 5. Interestingly, the
results suggest that ImageNet pre-training is not a major
contributor to the sample efficiency of VPG nor to the
final performance of the model in simulation. This could
be due to the fact that the statistics of pixel patterns found
in ImageNet images are different compared to that of re-
projected heightmap images. The slight delay before the
upward slope of the training curve could also be an artifact
due to the FCNs spending early training steps to escape the
ImageNet local optimum.
No Height-from-bottom Information? We trained another
version of VPG (“VPG-nopretrain-nodepth") without Ima-
geNet pre-training and without the depth channels of the
RGB-D heightmap images (i.e. no height-from-bottom, only
color information) and report its performance in Fig. 5.
This modification meant that each FCN �p and �g no
longer has a second DenseNet tower to compute features
from the channel-wise cloned depth channels (DDD) of
the heightmaps. The results show that sample complexity
remains similar, but the average final grasping performance
is lower by about 15%. This suggests that geometric cues
from the depth (height-from-bottom) channels are important
for achieving reasonable grasping performance with VPG.
Shortsighted Policies? We also investigate the importance
of long-term lookahead. Our Q-learning formulation in the-

TABLE III
COMPARISON WITH MYOPIC POLICIES (MEAN %)

Method Completion Grasp Success Action Efficiency
VPG-myopic 79.1 74.3 53.7

VPG 82.7 77.2 60.1

ory enables our policies to plan long-term strategies (e.g.
chaining multiple pushes to enable grasping, grasping to
enable pushing, grasping to enable other grasps, etc.). To
test the value of these strategies, we trained a shortsighted
version of VPG (“VPG-myopic") where the discount factor
on future rewards is smaller at � = 0.2 (trained in simu-
lation with 10 randomly placed objects). We evaluate this
policy over the 11 hard test cases in simulation and report
comparisons to our method in Table III. Interestingly, we
see that VPG-myopic improves its grasping performance at
a faster pace early in training (presumably optimizing for
short-term grasping rewards), but ultimately achieves lower
average performance (i.e. grasp success, action efficiency)
across most hard test cases. This suggests that the ability to
plan long-term strategies for sequential manipulation could
benefit the overall stability and efficiency of pick-and-place.

D. Real-World Experiments
In this section, we evaluate the best performing variant

of VPG (with rewards and long-term planning) on a real
robot. Our real-world setup consists of a UR5 robot arm with
an RG2 gripper, overlooking a tabletop scenario. Objects
vary across different experiments, including a collection
of 30+ different toy blocks for training and testing, as
well as a collection of other random office objects to test
generalization to novel objects (see Fig. 7). For perception
data, RGB-D images of resolution 640 ⇥ 480 are captured
from an Intel RealSense SR300, statically mounted on a
fixed tripod overlooking the tabletop setting. The camera
is localized with respect to the robot base by an automatic
calibration procedure, during which the camera tracks the
location of a checkerboard pattern taped onto the gripper. The
calibration optimizes for extrinsics as the robot moves the
gripper over a grid of 3D locations (predefined with respect
to robot coordinates) within the camera field of view.
Random Arrangements. We first tested VPG on the real
robot in cluttered environments with 30 randomly placed
objects. Fig. 6 shows its performance versus training time
in comparison to the grasping-only policy (baseline method)
– where curves show the % grasp success rate over the last
m = 200 grasp attempts (solid lines) and % push-then-grasp
success rates (dotted lines) for both methods.

Interestingly, the improvement of performance early in
training is similar between VPG and grasping-only. This is
surprising, as one would expect VPG to require more training
samples (and thus more training time) to achieve comparable
performance, since only one action (either a grasp or a
push) can be executed per training step. This similarity in
growth of performance can likely be attributed to our method
optimizing the pushing policies to make grasping easier even
at a very early stage of training. While the grasping-only

Fig. 5. Comparing performance of VPG policies initialized without weights
pre-trained on ImageNet and without the depth channels of the RGB-D
heightmap (i.e. no height-from-bottom, only color information). Solid lines
indicate % grasp success rates (primary metric of performance) and dotted
lines indicate % push-then-grasp success rates (secondary metric to measure
quality of pushes) over training steps.

agation on a sample from the replay buffer).
From these results, we see that VPG-noreward is capable

of learning effective pushing and grasping policies – achiev-
ing grasping success rates at 70-80%. We also see that it
learns a pushing policy that increasingly helps grasping (note
the positive slope of the dotted red line, which suggests
pushes are helping future grasps more and more as the
system trains). This rate of improvement is not as good as
VPG, but the final performance is only slightly lower.
No ImageNet Pre-training? We trained a version of VPG
(“VPG-nopretrain") without ImageNet pre-training of FCN
weights (i.e. with only random initialization) and report its
performance versus training steps in Fig. 5. Interestingly, the
results suggest that ImageNet pre-training is not a major
contributor to the sample efficiency of VPG nor to the
final performance of the model in simulation. This could
be due to the fact that the statistics of pixel patterns found
in ImageNet images are different compared to that of re-
projected heightmap images. The slight delay before the
upward slope of the training curve could also be an artifact
due to the FCNs spending early training steps to escape the
ImageNet local optimum.
No Height-from-bottom Information? We trained another
version of VPG (“VPG-nopretrain-nodepth") without Ima-
geNet pre-training and without the depth channels of the
RGB-D heightmap images (i.e. no height-from-bottom, only
color information) and report its performance in Fig. 5.
This modification meant that each FCN �p and �g no
longer has a second DenseNet tower to compute features
from the channel-wise cloned depth channels (DDD) of
the heightmaps. The results show that sample complexity
remains similar, but the average final grasping performance
is lower by about 15%. This suggests that geometric cues
from the depth (height-from-bottom) channels are important
for achieving reasonable grasping performance with VPG.
Shortsighted Policies? We also investigate the importance
of long-term lookahead. Our Q-learning formulation in the-
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Method Completion Grasp Success Action Efficiency
VPG-myopic 79.1 74.3 53.7

VPG 82.7 77.2 60.1

ory enables our policies to plan long-term strategies (e.g.
chaining multiple pushes to enable grasping, grasping to
enable pushing, grasping to enable other grasps, etc.). To
test the value of these strategies, we trained a shortsighted
version of VPG (“VPG-myopic") where the discount factor
on future rewards is smaller at � = 0.2 (trained in simu-
lation with 10 randomly placed objects). We evaluate this
policy over the 11 hard test cases in simulation and report
comparisons to our method in Table III. Interestingly, we
see that VPG-myopic improves its grasping performance at
a faster pace early in training (presumably optimizing for
short-term grasping rewards), but ultimately achieves lower
average performance (i.e. grasp success, action efficiency)
across most hard test cases. This suggests that the ability to
plan long-term strategies for sequential manipulation could
benefit the overall stability and efficiency of pick-and-place.

D. Real-World Experiments
In this section, we evaluate the best performing variant

of VPG (with rewards and long-term planning) on a real
robot. Our real-world setup consists of a UR5 robot arm with
an RG2 gripper, overlooking a tabletop scenario. Objects
vary across different experiments, including a collection
of 30+ different toy blocks for training and testing, as
well as a collection of other random office objects to test
generalization to novel objects (see Fig. 7). For perception
data, RGB-D images of resolution 640 ⇥ 480 are captured
from an Intel RealSense SR300, statically mounted on a
fixed tripod overlooking the tabletop setting. The camera
is localized with respect to the robot base by an automatic
calibration procedure, during which the camera tracks the
location of a checkerboard pattern taped onto the gripper. The
calibration optimizes for extrinsics as the robot moves the
gripper over a grid of 3D locations (predefined with respect
to robot coordinates) within the camera field of view.
Random Arrangements. We first tested VPG on the real
robot in cluttered environments with 30 randomly placed
objects. Fig. 6 shows its performance versus training time
in comparison to the grasping-only policy (baseline method)
– where curves show the % grasp success rate over the last
m = 200 grasp attempts (solid lines) and % push-then-grasp
success rates (dotted lines) for both methods.

Interestingly, the improvement of performance early in
training is similar between VPG and grasping-only. This is
surprising, as one would expect VPG to require more training
samples (and thus more training time) to achieve comparable
performance, since only one action (either a grasp or a
push) can be executed per training step. This similarity in
growth of performance can likely be attributed to our method
optimizing the pushing policies to make grasping easier even
at a very early stage of training. While the grasping-only
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Fig. 6. Evaluating VPG in real-world tests with random 30+ object
arrangements. Solid lines indicate % grasp success rates (primary metric
of performance) and dotted lines indicate % push-then-grasp success rates
(secondary metric to measure quality of pushes) over training steps.

policy is busy fine-tuning itself to detect harder grasps, VPG
spends time learning pushes that can make grasping easier.

As expected, the grasping performance of the VPG policy
surpasses that of the grasping-only policy in later training
steps. Not only is the performance better, it is also less
erratic. This is likely because it avoids long sequences of
failed grasps, which happens occasionally for grasping-only
when faced with highly cluttered configurations of objects.

This experiment also suggests that VPG is quite sample
efficient – we are able to train effective pushing and grasping
policies in less than 2000 transitions. At 10 seconds per
action execution on a real robot, this amounts to about
5.5 hours of wall-clock training time. This is a substantial
advantage over prior work on deep reinforcement learning for
manipulation (e.g. 10 million sample transitions (10 hours of
interaction time on 16 robots) for block stacking [14]).
Challenging Arrangements. We also ran experiments in
the real-world comparing VPG with grasping-only on 7
challenging test cases with adversarial clutter (see examples
in top row of Fig. 7). The results appear in Table IV. Note
that the differences between VPG and Grasping-only are
quite large in these challenging real-world cases.

TABLE IV
REAL-WORLD RESULTS ON CHALLENGING ARRANGEMENTS (MEAN %)

Method Completion Grasp Success Action Efficiency
Grasping-only [8] 42.9 43.5 43.5

VPG 71.4 83.3 69.0

Video recordings of these experiments are provided on our
project webpage [40]. They show that the VPG pushing and
grasping policies perform interesting synergistic behaviors,
and are more capable of efficiently completing picking tasks
in cluttered scenarios in tandem than grasping-only policies.
Novel Objects. Finally, we tested our VPG models (trained
on toy blocks) on a collection of real-world scenes with novel
objects (examples of which are shown in the bottom row of
Fig. 7). Overall, the system is capable of generalizing to sets
of objects that fall within a similar shape distribution as that

Fig. 7. Examples of challenging arrangements in real-world settings
with toy blocks (top row) and novel objects (bottom row).

of the training objects, but struggles when completely new
shapes or anomalies (reflective objects with no depth data)
are introduced. The robot is capable of planning complex
pushing motions that can de-clutter scenarios with these
novel objects. We also show several video recordings of these
test runs on our project webpage [40].

VI. DISCUSSION AND FUTURE WORK

In this work, we present a framework for learning pushing
and grasping policies in a mutually supportive way. We show
that the synergy between planning non-prehensile (pushing)
and prehensile (grasping) actions can be learned from ex-
perience. Our method is based on a pixel-wise version of
deep networks that combines deep reinforcement learning
with affordance-based manipulation. Results show that our
system learns to perform complex sequences of pushing and
grasping on a real robot in tractable training times.

To the best of our knowledge, this work is the first
to explore learning complementary pushing and grasping
policies simultaneously from scratch with deep reinforce-
ment learning. However, its limitations suggest directions
for future work. First, motion primitives are defined with
parameters specified on a regular grid (heightmap), which
provides learning efficiency with deep networks, but limits
expressiveness – it would be interesting to explore other
parameterizations that allow more expressive motions (with-
out excessively inducing sample complexity), including more
dynamic pushes, parallel rather than sequential combinations
of pushing and grasping, and the use of more varied contact
surfaces of the robot. A second limitation is that we train
our system only with blocks and test with a limited range
of other shapes (fruit, bottles, etc.) – it would be interesting
to train on larger varieties of shapes and further evaluate the
generalization capabilities of the learned policies. Finally, we
study only synergies between pushing and grasping, which
are just two examples of the larger family of primitive ma-
nipulation actions, e.g. rolling, toppling, squeezing, levering,
stacking, among others – investigating the limits of this
deep reinforcement learning approach on other multi-step
interactions is a significant topic for future work.
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policy is busy fine-tuning itself to detect harder grasps, VPG
spends time learning pushes that can make grasping easier.

As expected, the grasping performance of the VPG policy
surpasses that of the grasping-only policy in later training
steps. Not only is the performance better, it is also less
erratic. This is likely because it avoids long sequences of
failed grasps, which happens occasionally for grasping-only
when faced with highly cluttered configurations of objects.

This experiment also suggests that VPG is quite sample
efficient – we are able to train effective pushing and grasping
policies in less than 2000 transitions. At 10 seconds per
action execution on a real robot, this amounts to about
5.5 hours of wall-clock training time. This is a substantial
advantage over prior work on deep reinforcement learning for
manipulation (e.g. 10 million sample transitions (10 hours of
interaction time on 16 robots) for block stacking [14]).
Challenging Arrangements. We also ran experiments in
the real-world comparing VPG with grasping-only on 7
challenging test cases with adversarial clutter (see examples
in top row of Fig. 7). The results appear in Table IV. Note
that the differences between VPG and Grasping-only are
quite large in these challenging real-world cases.
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Video recordings of these experiments are provided on our
project webpage [40]. They show that the VPG pushing and
grasping policies perform interesting synergistic behaviors,
and are more capable of efficiently completing picking tasks
in cluttered scenarios in tandem than grasping-only policies.
Novel Objects. Finally, we tested our VPG models (trained
on toy blocks) on a collection of real-world scenes with novel
objects (examples of which are shown in the bottom row of
Fig. 7). Overall, the system is capable of generalizing to sets
of objects that fall within a similar shape distribution as that
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of the training objects, but struggles when completely new
shapes or anomalies (reflective objects with no depth data)
are introduced. The robot is capable of planning complex
pushing motions that can de-clutter scenarios with these
novel objects. We also show several video recordings of these
test runs on our project webpage [40].

VI. DISCUSSION AND FUTURE WORK

In this work, we present a framework for learning pushing
and grasping policies in a mutually supportive way. We show
that the synergy between planning non-prehensile (pushing)
and prehensile (grasping) actions can be learned from ex-
perience. Our method is based on a pixel-wise version of
deep networks that combines deep reinforcement learning
with affordance-based manipulation. Results show that our
system learns to perform complex sequences of pushing and
grasping on a real robot in tractable training times.

To the best of our knowledge, this work is the first
to explore learning complementary pushing and grasping
policies simultaneously from scratch with deep reinforce-
ment learning. However, its limitations suggest directions
for future work. First, motion primitives are defined with
parameters specified on a regular grid (heightmap), which
provides learning efficiency with deep networks, but limits
expressiveness – it would be interesting to explore other
parameterizations that allow more expressive motions (with-
out excessively inducing sample complexity), including more
dynamic pushes, parallel rather than sequential combinations
of pushing and grasping, and the use of more varied contact
surfaces of the robot. A second limitation is that we train
our system only with blocks and test with a limited range
of other shapes (fruit, bottles, etc.) – it would be interesting
to train on larger varieties of shapes and further evaluate the
generalization capabilities of the learned policies. Finally, we
study only synergies between pushing and grasping, which
are just two examples of the larger family of primitive ma-
nipulation actions, e.g. rolling, toppling, squeezing, levering,
stacking, among others – investigating the limits of this
deep reinforcement learning approach on other multi-step
interactions is a significant topic for future work.
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As expected, the grasping performance of the VPG policy
surpasses that of the grasping-only policy in later training
steps. Not only is the performance better, it is also less
erratic. This is likely because it avoids long sequences of
failed grasps, which happens occasionally for grasping-only
when faced with highly cluttered configurations of objects.

This experiment also suggests that VPG is quite sample
efficient – we are able to train effective pushing and grasping
policies in less than 2000 transitions. At 10 seconds per
action execution on a real robot, this amounts to about
5.5 hours of wall-clock training time. This is a substantial
advantage over prior work on deep reinforcement learning for
manipulation (e.g. 10 million sample transitions (10 hours of
interaction time on 16 robots) for block stacking [14]).
Challenging Arrangements. We also ran experiments in
the real-world comparing VPG with grasping-only on 7
challenging test cases with adversarial clutter (see examples
in top row of Fig. 7). The results appear in Table IV. Note
that the differences between VPG and Grasping-only are
quite large in these challenging real-world cases.
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Video recordings of these experiments are provided on our
project webpage [40]. They show that the VPG pushing and
grasping policies perform interesting synergistic behaviors,
and are more capable of efficiently completing picking tasks
in cluttered scenarios in tandem than grasping-only policies.
Novel Objects. Finally, we tested our VPG models (trained
on toy blocks) on a collection of real-world scenes with novel
objects (examples of which are shown in the bottom row of
Fig. 7). Overall, the system is capable of generalizing to sets
of objects that fall within a similar shape distribution as that
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of the training objects, but struggles when completely new
shapes or anomalies (reflective objects with no depth data)
are introduced. The robot is capable of planning complex
pushing motions that can de-clutter scenarios with these
novel objects. We also show several video recordings of these
test runs on our project webpage [40].

VI. DISCUSSION AND FUTURE WORK

In this work, we present a framework for learning pushing
and grasping policies in a mutually supportive way. We show
that the synergy between planning non-prehensile (pushing)
and prehensile (grasping) actions can be learned from ex-
perience. Our method is based on a pixel-wise version of
deep networks that combines deep reinforcement learning
with affordance-based manipulation. Results show that our
system learns to perform complex sequences of pushing and
grasping on a real robot in tractable training times.

To the best of our knowledge, this work is the first
to explore learning complementary pushing and grasping
policies simultaneously from scratch with deep reinforce-
ment learning. However, its limitations suggest directions
for future work. First, motion primitives are defined with
parameters specified on a regular grid (heightmap), which
provides learning efficiency with deep networks, but limits
expressiveness – it would be interesting to explore other
parameterizations that allow more expressive motions (with-
out excessively inducing sample complexity), including more
dynamic pushes, parallel rather than sequential combinations
of pushing and grasping, and the use of more varied contact
surfaces of the robot. A second limitation is that we train
our system only with blocks and test with a limited range
of other shapes (fruit, bottles, etc.) – it would be interesting
to train on larger varieties of shapes and further evaluate the
generalization capabilities of the learned policies. Finally, we
study only synergies between pushing and grasping, which
are just two examples of the larger family of primitive ma-
nipulation actions, e.g. rolling, toppling, squeezing, levering,
stacking, among others – investigating the limits of this
deep reinforcement learning approach on other multi-step
interactions is a significant topic for future work.
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policy is busy fine-tuning itself to detect harder grasps, VPG
spends time learning pushes that can make grasping easier.

As expected, the grasping performance of the VPG policy
surpasses that of the grasping-only policy in later training
steps. Not only is the performance better, it is also less
erratic. This is likely because it avoids long sequences of
failed grasps, which happens occasionally for grasping-only
when faced with highly cluttered configurations of objects.

This experiment also suggests that VPG is quite sample
efficient – we are able to train effective pushing and grasping
policies in less than 2000 transitions. At 10 seconds per
action execution on a real robot, this amounts to about
5.5 hours of wall-clock training time. This is a substantial
advantage over prior work on deep reinforcement learning for
manipulation (e.g. 10 million sample transitions (10 hours of
interaction time on 16 robots) for block stacking [14]).
Challenging Arrangements. We also ran experiments in
the real-world comparing VPG with grasping-only on 7
challenging test cases with adversarial clutter (see examples
in top row of Fig. 7). The results appear in Table IV. Note
that the differences between VPG and Grasping-only are
quite large in these challenging real-world cases.
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Video recordings of these experiments are provided on our
project webpage [40]. They show that the VPG pushing and
grasping policies perform interesting synergistic behaviors,
and are more capable of efficiently completing picking tasks
in cluttered scenarios in tandem than grasping-only policies.
Novel Objects. Finally, we tested our VPG models (trained
on toy blocks) on a collection of real-world scenes with novel
objects (examples of which are shown in the bottom row of
Fig. 7). Overall, the system is capable of generalizing to sets
of objects that fall within a similar shape distribution as that
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of the training objects, but struggles when completely new
shapes or anomalies (reflective objects with no depth data)
are introduced. The robot is capable of planning complex
pushing motions that can de-clutter scenarios with these
novel objects. We also show several video recordings of these
test runs on our project webpage [40].

VI. DISCUSSION AND FUTURE WORK

In this work, we present a framework for learning pushing
and grasping policies in a mutually supportive way. We show
that the synergy between planning non-prehensile (pushing)
and prehensile (grasping) actions can be learned from ex-
perience. Our method is based on a pixel-wise version of
deep networks that combines deep reinforcement learning
with affordance-based manipulation. Results show that our
system learns to perform complex sequences of pushing and
grasping on a real robot in tractable training times.

To the best of our knowledge, this work is the first
to explore learning complementary pushing and grasping
policies simultaneously from scratch with deep reinforce-
ment learning. However, its limitations suggest directions
for future work. First, motion primitives are defined with
parameters specified on a regular grid (heightmap), which
provides learning efficiency with deep networks, but limits
expressiveness – it would be interesting to explore other
parameterizations that allow more expressive motions (with-
out excessively inducing sample complexity), including more
dynamic pushes, parallel rather than sequential combinations
of pushing and grasping, and the use of more varied contact
surfaces of the robot. A second limitation is that we train
our system only with blocks and test with a limited range
of other shapes (fruit, bottles, etc.) – it would be interesting
to train on larger varieties of shapes and further evaluate the
generalization capabilities of the learned policies. Finally, we
study only synergies between pushing and grasping, which
are just two examples of the larger family of primitive ma-
nipulation actions, e.g. rolling, toppling, squeezing, levering,
stacking, among others – investigating the limits of this
deep reinforcement learning approach on other multi-step
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Design setups that can allow rapid data gathering

Solve a Related but Supervision-rich Problem



Discussion

• Why may we want to use learning for grasping?

• What are the limitations of the techniques that we discussed 
today? In what scenarios can / can’t we use them?


