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Abstract— Grasping an object when it is in an ungraspable
pose is a challenging task, such as books or other large flat
objects placed horizontally on a table. Inspired by human
manipulation, we address this problem by pushing the object
to the edge of the table and then grasping it from the hanging
part. In this paper, we develop a model-free Deep Reinforcement
Learning framework to synergize pushing and grasping actions.
We first pre-train a Variational Autoencoder to extract high-
dimensional features of input scenario images. One Proximal
Policy Optimization algorithm with the common reward and
sharing layers of Actor-Critic is employed to learn both pushing
and grasping actions with high data efficiency. Experiments
show that our one network policy can converge 2.5 times
faster than the policy using two parallel networks. Moreover,
the experiments on unseen objects show that our policy can
generalize to the challenging case of objects with curved
surfaces and off-center irregularly shaped objects. Lastly, our
policy can be transferred to a real robot without fine-tuning
by using CycleGAN for domain adaption and outperforms the
push-to-wall baseline.

I. INTRODUCTION

Imagine a landline phone or other large flat objects placed
on a table with only its height less than the max stroke
of the gripper. There is no graspable position existing in
this configuration, as shown in Fig. 1(a). For the human
grasping strategy, we intend to first make it in a semi-suspend
position and then grasp it from the side. If there is a wall
near the object, we can push it against the wall to facilitate
grasping [1], [2]. However, this method restricts a wall in
the environment and requires that the object has no bevels
on the side being pushed. Otherwise, it will fail, as shown in
Fig. 1(b). Instead of pushing it to a wall, we can also push
it to the edge of the table and then grasp it from the hanging
part, as shown in Fig. 1(c1-c2). The push-to-edge approach
is insensitive to the surrounding environment as well as the
shapes and materials of objects.

Recently, visual pushing and grasping [3] and push-to-
wall [1], [2] have been proposed to use push as a pre-grasp
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Fig. 1. Demonstrates previous failure cases and our push-and-grasp (PaG)
method for ungraspable posed objects. Our PaG method consists of two
parts: (1) pushing the object to the edge of the table; (2) grasping the
hanging part of the object on the edge of the table.

manipulation to create graspable poses. Visual pushing and
grasping refers to the use of pushing to separate objects in a
stacked scenario, while push-to-wall focuses on using push
to make the large object to the wall in a semi-hanging state.
Although they synergize pushing and grasping manipulation
to help accomplish their tasks, there are still some limitations.
Visual pushing and grasping using two parallel Deep Q-
Networks (DQN) [4] predicts actions leading to data ineffi-
ciency and coordination problems of the two actions. Push-
to-wall does not use an end-to-end approach, it employs a
Deep Reinforcement Learning (DRL) policy to learn pushing
actions and a hard-coded method to execute grasping actions,
which weakens the synergy between pushing and grasping.
At the same time, they are also restricted by the shapes and
materials of the objects which can not handle the beveled
objects or smooth objects.

It is a challenging task that efficiently learns an end-to-
end policy of pushing the large flat objects to the edge of the
table and then grasping from the hanging part. The policy
should learn the trade-off between pushing the object to an
easy-to-grasp position and avoiding falling to the ground.
In addition, the policy should select appropriate grasping
positions according to the object pose to achieve successful
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grasping. The traditional motion planning method is difficult
to handle the random position of the objects as well as the
sliding and dynamic situations of objects during the pushing
and grasping process. We use DRL in our method to achieve
better control of the actions, and we only employ one policy
network to reuse the observations and reduce parameters for
higher data efficiency.

This paper proposes a model-free DRL framework called
PaG for visual-based pushing and grasping manipulations.
We pre-train a Variational Autoencoder (VAE) [5] to extract
high-dimensional features of the RGB images of the scene.
Then, we concatenate the features extracted from images
with gripper pose as the state of a Markov Decision Process
(MDP). We set the distance between the gripper and the
object along the x-direction as a common reward for both
the pushing and grasping stages (see Fig. 2) because we
want the robot to push stably along the center of the object
and grasp also close to the center of the object. Through
common reward and sharing layers of Actor-Critic, we can
guide the policy to learn pushing and grasping as a whole
process with high data efficiency by using one Proximal
Policy Optimization (PPO) [6] model. We adopt CycleGAN
to achieve transfer to a real robot without fine-tuning.

The main contributions of this paper are as follows:
• We introduce an end-to-end reinforcement learning

framework to tackle the challenging robotic manipula-
tion task of grasping large flat objects from ungraspable
poses based on vision.

• We achieve high data efficiency by employing one PPO
network to train pushing and grasping actions through
a common reward and sharing layers of Actor-Critic.

• We demonstrate the generalization capability of our
policy using beveled objects and irregular objects with
non-overlapping centers of mass and shape. Moreover,
the transfer from simulation to a real robot can be
achieved without fine-tuning.

II. RELATED WORKS

A. Synergy of Pushing and Grasping

The synergy of pushing and grasping actions is introduced
to grasp objects under restricted scenarios and to improve
the quality of grasping by applying pushing actions. Zeng
et al. [3] proposed using the action of pushing to rearrange
objects in a clustered scene to make space for grasping. Xu
et al. [7] introduced a goal-oriented grasping framework to
achieve stable grasping of the target object in a cluttered
environment by pushing away interfering objects.

The above methods can handle some challenging stacked
scenarios but only focus on small blocks. Liang et al. [1]
and Sun et al. [2] both expanded methods for grasping the
large flat object by first pushing it against a wall to make it
in a semi-suspended state and then grasping from the side.
The former only used DRL to predict the pushing action
and hard-code the grasping action after each pushing step,
while the latter used DRL to push the object against the wall
and then grasp it from the side using another robot through

motion planning. In contrast, our PaG method employs DRL
synergy in both pushing and grasping actions to achieve
better end-to-end pushing and grasping of large flat objects
and does not require a wall in the environment.

B. Reinforcement Learning for Robotic Manipulation

Reinforcement learning is a general framework for learn-
ing skills from scratch through interaction with the environ-
ment, guided by maximizing the reward feedback from the
environment. Cong et al. [8] used a Soft Actor-Critic [9]
network to push object to target position. Breyer et al. [10]
devised a framework depending on Trust Region Policy
Optimization [11] to pick objects. Zeng et al. [3] and Yang
et al. [12] composed two parallel Deep Q-Networks [4] to
push and grasp objects in stacked scenarios. Unlike previous
work, which always required two parallel networks for both
pushing and grasping actions, our method uses only one
network to train the pushing and grasping actions with higher
data efficiency.

C. Sim2Real

Thanks to the development of physical simulators such as
PyBullet [13], MuJoCo [14], and Isaac Gym [15], we can
use reinforcement learning methods to make the robot learn
faster and safer in the simulator and then transfer it to a real
robot. However, deploying the policy trained in simulation
on a real robot requires bridging the gap between the two do-
mains, especially when using RGB images as observations.
One approach is to use the domain randomization method
to train a more robust policy that randomly changes color,
texture, lighting, and camera position [16], [17]. Another
approach employs system identification to find the correct
simulation parameters making the simulation match the real
systems as close as possible [18]. In our work, we use
CycleGAN [19] to transfer realistic images to a simulated
style when applying the trained model to a real robot.

III. METHOD

In this section, we will present our visual-based framework
for pushing and grasping manipulations. This includes visual
representation using VAE, reinforcement learning policy
employing PPO, and sim2real transfer applying CycleGAN.

A. Visual Representation

We get the task-relevant compact representations from the
input images by using VAE [5], a probabilistic generative
model consisting of an encoder that converts the input image
to a prior distribution qθ(z|x) and a decoder that converts
the latent vector z into a distribution pω(x|z), as depicted
in Fig. 2. The input image is a 64 × 64 × 3 RGB image
from the simulator scenario. The encoder consists of five
3×3 convolutional layers to obtain a 128-dimensional latent
vector. The first five layers of the decoder mirror the structure
of the encoder, and there is an additional 3×3 convolutional
layer with stride 1 to avoid checkerboard artifacts. The model
is trained by minimizing the reconstruction loss between
input and output images and forcing the latent representation
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Fig. 2. Overview of our PaG method. We pre-train a VAE for feature extraction and a CycleGAN for domain adaption. We train our policy in Isaac Gym
simulator, and the pre-trained encoder obtains a latent vector concatenated with the gripper pose as a state embedded into the policy network (shared layers
of Actor-Critic) to determine the following action (144 steps for push and 84 steps for grasp). For the real robot experiment, the pre-trained CycleGAN
transfers the images from the real domain to the simulation domain, effectively tricking the policy to believe that it is still in the simulator.

to a prior distribution. Therefore, the loss function can be
described as follows:

L(θ, ω) = −Eqθ(z|x)[logpω(x|z)] + KL(qθ(z|x)||p(z)) (1)

The VAE part in Fig. 2 shows the examples of input and
output images trained on a dataset of 100000 images from
the simulator, using 165 epochs of the Adam optimizer [20],
with a learning rate of 0.005.

B. Reinforcement Learning

A large flat object on the table requires a series of pushing
actions to move to the edge of the table and then grasp from
the hanging part. This sequential decision-making problem
can be formulated as a long-horizon MDP.

1) State: The state of the DRL agent consists of two parts,
one is a latent vector representing the corresponding position
information between the gripper, object, and table, and the
other is the proprioceptive state of the robot. For the first part,
we map the simulator image Is to a 128-dimensional latent
vector z by employing the pre-trained encoder in Section III-
A. The latent vector z samples form Gaussian distribution
qθ(z|Is) = N (µθ(Is), σ

2
θ(Is)), we take the mean of the

encoder µθ(Is) as the state representation. For the second
part, we adopt the 7-dimensional vector gripper pose Gp
to characterize the robot state. Therefore, the state can be
formed as:

S = [µθ(Is), Gp] (2)

2) Action: The agent π(st) outputs incremental actions:

A = [∆px,∆py,∆gx] (3)

where the actions bound are from -0.01m to 0.01m. We
divide the whole process into four stages by time steps.
The first 144 steps push the large flat object to the edge
of the table by using incremental actions ∆px,∆py . The

next 48 steps use motion planning to move the robot from
the end of the pushing pose to the predefined start grasping
pose. The next 84 steps find a proper grasping position by
using incremental actions ∆gx. In the final 44 steps, close
the gripper and lift the object. For the first (pushing) and
third (grasping) stages, we want the gripper and the object
to be in stable contact, which means we want the gripper
and the object to have the same absolute coordinates in the
x-direction for both stages, as shown in Fig. 2. Based on
the same purpose of both stages, we equal ∆px and ∆gx to
simplify the action space.

3) Reward: We adopt pushing, grasping, and common
rewards to guide policy learning the long horizon pushing
and grasping actions. Rp = 1 for pushing to an appropriate
position that is convenient for grasping and avoiding falling
(the absolute coordinates of the object in y-direction oy ,
0.85 < oy < 0.9). Rp = −1 for pushing to a dangerous
position where the object is about to fall (oy < 0.84).
Rp = −1 for object falls down (the absolute coordinates of
the object in z-direction oz , oz < 0.7). Rg = 5 for successful
grasping (oz > 0.83). We adopt a common reward Rc for
stable contact between the object and the gripper during
the pushing and grasping stages (see Sec. III-B.2), which
is proportional to the distance difference between the object
and the gripper in the x-direction (Rc = −2.5 | ox−Gpx |).
Overall, the reward can be formed as:

R = Rp +Rg +Rc (4)

4) Policy optimization: We employ one PPO policy to
learn pushing and grasping actions with high data efficiency
by using a common reward (see Sec. III-B.3) and sharing
layers of Actor-Critic (see Fig. 2). The common reward is
inspired by multi-task reinforcement learning [21]. In our
scenario, pushing and grasping can be regarded as two related
tasks since both successful pushing and grasping require the
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Fig. 3. The object dataset used for training consists of ten categories of
commonly shaped objects, each containing eight different sizes of objects
with inner tangent circle diameters ranging from 165mm to 260mm and
height of 60mm, with randomly generated colors.

gripper to be in stable contact with the object, which means
they share some common structures that can be represented
by a common reward. The common reward can guide the
agent to learn pushing and grasping actions as a whole
process that we can learn with one PPO model. We can share
non-output layers of Actor-Critic for higher data efficiency
as some related works [22], [23]. The relevant experiments
can be found in Section IV-A.

C. Sim2Real

We explore transferring the policy from simulation to a
real robot by using CycleGAN [19] to bridge the gap between
simulation and reality. As shown in Fig. 2, the raw image in
the real domain can be transferred to the simulation domain
by the generator (GRS). We embed the simulated domain
image transmitted by GRS into the encoder section to obtain
the latent vector, effectively tricking the agent into believing
that it is still in the simulator.

The default CycleGAN network parameters are used
in our paper, Loss including LossGAN , Losscycle and
Lossidentity , and we train it on a dataset of 3000 real images
and 3000 simulated images with 180 epochs.

IV. EXPERIMENT

In this section, we present the experimental setup and the
results of the considered manipulation tasks.

In the experiment, a camera captures an RGB image as
observation from a static view. The observation includes the
gripper, object, table, and floor with an area of 1m2. The
training dataset is shown in Fig. 3. The learning process can
be completed within 4 hours in Isaac Gym, an end-to-end
GPU-accelerated simulator. For PPO, we use share layers of
Actor-Critic, a discount factor γ = 0.99, a clip ε = 0.2, and
the output actions are clipped to range [-1, 1]. The simulated
and real-world scenarios are shown in Fig. 4.

From the experiments, we aim to investigate:
• Can one policy network synergize the pushing and

grasping actions with higher data efficiency compared
to two parallel networks?

• Can our policy be applied to objects with beveled
surfaces or even some irregular objects with non-
overlapping centers of mass and shape?

(a) Simulation scenario (b) Real scenario

RGB Camera

Observation

Robot Arm

Gripper

Target 
Object

x
yz

Fig. 4. Simulation and real scenarios. For the simulation scenario, objects
are loaded to a random position, and the policy is trained in parallel through
128 environments in Isaac Gym. For the real scenario, the policy is tested
on a UR5 robot with a Robotiq 3-finger gripper.

• Can our policy transfer to a real robot without fine-
tuning and out-performance push-to-wall baseline?

A. Policy Training

In previous work, it has been shown to be feasible to
train the push and grasp actions separately using two parallel
networks [3], [7], [12], [24]. However, using two networks
will take longer to train due to the push and grasp data being
inefficient to input into the two networks separately and the
large size of parameters of the two networks. Moreover, these
two actions sometimes do not cooperate well. In our case,
we only employ one PPO with shared layers of Actor-Critic,
the whole data in pushing and grasping stages input into one
network with higher data efficiency (see Sec. III-B.4). For the
cooperation of pushing and grasping, a successful grasping
needs first pushing the object to a graspable position, so
we can achieve well cooperation by separating pushing and
grasping stages by time steps (see Sec. III-B.2). There are
144 steps in the first stage of pushing, if the gripper pushes
the object to the edge before 144 steps, it will learn to stop
avoiding pushing the object down. The same is true for the
third stage of grasping. If the policy finds a suitable grasping
position before total steps, it will stop and wait for the end
of this stage.

1) Comparison of using one network and two parallel
networks for the PPO policy: We conducted comparison
experiments between one network and two parallel networks
learning both push and grasp actions. During all the training
processes in this paper, we evaluate the success rate based on
128 environments after every 164k steps, and we consider an
object successfully grasped if it is lifted by more than 5 cm.
The experiments have been run 6 times with different seeds.
The results are shown in Fig. 5.

From the results, we see that the same convergence results
can eventually be achieved using a single network or two
networks. However, using one network can learn 2.5 times
faster meaning it has higher data efficiency. We also see
that the variance of one network curve is relatively small,
suggesting that diverse data input into a network can make
learning more stable.

2) Ablation studies about the common reward and shared
layers of Actor-Critic: In our work, the common reward
is used to learn common structures between pushing and

3863



0.0 0.2 0.4 0.6 0.8 1.0
Step 1e7

0

20

40

60

80

100

S
uc

ce
ss

 ra
te

 (%
)

One Network for Push and Grasp
Two Networks for Push and Grasp

Fig. 5. The comparison of training processes between using one network
or two networks to learn push and grasp actions.

grasping tasks. With the help of common structures, we
can share layers of Actor-Critic to extract the large scale
of similar high-dimensional features from multiple parallel
environments. The results are shown in Fig. 6.

From the results, we see that the collaboration of com-
mon reward and shared layers of Actor-Critic has the best
performance. This verifies that using a common reward can
represent common structures between pushing and grasping
and the shared layers of Actor-Critic can learn the large scale
of common structures better. We also see that if the rewards
for the push and grasp stage are calculated separately, the
policy tends to learn pushing and grasping as two separate
tasks, which means that there are fewer similar structures,
and using the shared layers of Actor-Critic makes policy
learning worse.

B. Generalization Testing

Generalization ability is measured by how much variation
the trained model can tolerate between the training and
testing data. To obtain a more general model, we trained our
policy on 80 objects of different sizes, shapes, and random
colors (see Fig. 3). We tested the generalization ability by
using objects with similar shapes but with bevels and new
objects of irregular shapes.

1) Objects with bevels: Grasping large flat objects with
bevels is a challenging task. The previous methods [1], [2]
can not handle these objects because there is not enough
space for the gripper to push it against a wall to the hanging
state. However, in our strategy, we push the object to the
edge of the table to create the hanging part which is less
sensitive to the shape of the side of the objects.

We created the test dataset with the similar shape as
the training set, and each category has one object with
the random value of the inner tangent circle diameter from
165mm to 260mm, was stretched by 50mm in the axial
direction, object with a chamfer of 30◦, and random color.
We tested the ten category objects in the best-performing
model in four ablation strategies to compare the generaliza-
tion performance. The results are shown in Table I.
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Fig. 6. The ablation experiments about whether using a common reward
and shared layers of Actor-Critic. “Co Reward”: use a common reward, “Sep
Reward”: do not use common reward meaning the rewards in the pushing
and the grasping stages are calculated separately, “Co AC”: shared layers
of Actor-Critic, “Sep AC”: do not share layers of Actor-Critic.

4 5

7 1110986

1 2 3

Fig. 7. The irregularly shaped objects dataset used for testing consists of
letters and large-scale beveled objects, most of them with non-overlapping
centers of mass and shape. The height of the objects is 60mm and the
colors are randomly generated.

We observe that our method (Co Reward & Co AC) has
the best performance, achieving more than 80% success
rate for all beveled objects, and the rounder the object, the
better the performance. The results imply that our model
can be generalized to beveled objects. We also see that the
common reward models perform better than the separate
reward models, meaning the common reward plays a vital
role in bevel object scenarios.

2) Irregularly shaped objects: In addition to testing simi-
lar objects with bevels, we also built new, more challenging,
irregularly shaped objects to test the generalization ability of
our model. The challenging dataset is shown in Fig. 7. For
these irregularly shaped objects, if the heavier part hangs on
the edge of the table, it is easier to fall off. The results are
shown in Table II.

In terms of the results, it still maintains a high success
rate. We can see that regardless of the shapes of objects, our
policy tends to push a small part of the object out of the table,
reflecting a good trade-off between pushing the object to an
easily graspable position and avoiding falling. Comparing
Table I and Table II, the performance of irregular objects
is slightly better than that of objects with bevels because
the bevels will change the movement of the gripper, causing
an error between the target position and the actual position,
which also indicates that if the gripper can execute actions
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TABLE I
GENERALIZATION TEST FOR BEVELED OBJECTS (MEAN %)

Shape Triangles Square Parallelogram Rectangle Trapezoidal Circle Oval Hexagonal Pentagon Notch All

Sep Reward & Sep AC 55.5 62.5 58.8 54.2 51.0 64.2 67.2 51.2 63.0 69.7 59.2
Sep Reward & Co AC 34.0 40.7 40.2 38.3 38.3 44.8 43.8 36.5 42.8 43.2 40.8
Co Reward & Sep AC 63.7 77.0 69.7 70.0 74.8 83.3 82.3 76.3 79.7 81.3 74.2

Co Reward & Co AC (Ours) 80.2 91.2 86.2 88.2 86.3 97.2 95.5 89.2 93.0 91.3 86.2

TABLE II
GENERALIZATION TEST FOR IRREGULARLY SHAPED OBJECTS (MEAN %)

Object ID 1 2 3 4 5 6 7 8 9 10 11 All

Sep Reward & Sep AC 74.3 78.3 73.3 83 70.3 55.7 83.0 77.7 72.3 68.3 83.0 75.5
Sep Reward & Co AC 44.5 49.0 49.3 50.2 42.8 32.7 49.7 42.3 46.5 44.7 50.0 47.3
Co Reward & Sep AC 76.2 75.5 73.8 83.8 73.8 63.5 83.8 76.3 69.8 67.3 84.3 77.7

Co Reward & Co AC (Ours) 82.7 91.3 93.0 100.0 84.8 75.8 98.8 83.8 80.5 80.8 100.0 90.3

TABLE III
REAL ROBOT TEST (MEAN %)

Object ID 1 2 3 4 5 6 7 8 9 10 11 12 13

Baseline 40.0 33.3 26.7 46.7 0.0 13.3 40.0 86.7 0.0 0.0 0.0 0.0 0.0
Co Reward & Co AC (Ours) 86.7 73.3 86.7 66.7 80.0 86.7 73.3 73.3 80.0 80.0 80.0 73.3 93.3

accurately, the policy can be adapted to new objects, even
though the object shape may be very irregular.

C. Real Robot Experiments

For the real robot experiments, we used 13 daily large
flat objects as the dataset (see Fig. 8). The experimental
scenario is shown in Fig. 4(b). To deal with the gap between
the simulated and real images, we employ CycleGAN to
transfer images from the real domain to the simulated domain
and then embed them into the trained policy. We consider a
push-to-wall method [1] as a baseline, but different with [1]
we let the gripper push against a wall along the center of
the object instead of learning a push point to achieve better
performances. We compared the success rate of the baseline
and our method through 15 attempts, and the results are
shown in Table III.

From the results, we observe that our model is transferable
to a real robot that can successfully grasp daily objects with-
out fine-tuning. Focusing on the baseline, we observe that the
method of push-to-wall can not handle objects with bevels
or with hard flat sides. Our model is less sensitive to object
shapes and materials, moreover, we can achieve respond
dynamically to the disturbance of object position changes.
However, there are some failures i.e. the robot pushes too
much to make the object fall and the success rate is lower
than the simulated experiments, these are because real objects
always have complex textures, which is a big challenge
for our visual-base model. More details can be found in
https://haozhang990127.github.io/PaG/.

V. CONCLUSIONS

In this paper, we proposed a challenging visual-based push
and grasp manipulation for objects from ungraspable poses
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Fig. 8. The real robot experiments dataset includes different kinds of daily
objects. Objects range in width from 180mm to 440mm, and in height
from 25mm to 95mm.

that can only be successfully grasped by first pushing the
object to the edge of the table. To solve this task with
high data efficiency, we employ one PPO network with
shared layers of Actor-Critic to learn both pushing and
grasping actions. Our extensive experiments show that our
PaG method can effectively train a policy to adapt to different
objects, even with bevels or irregular shapes. In addition, by
using CycleGAN for domain adaption, the trained policy can
be transferred to the real world without fine-tuning.

In our method, we only considered the uniform density of
an ungraspable object. Training the robot to push and grasp
ungraspable objects with uneven density, and identifying the
center of mass from the trajectory is meaningful. Stacking
scenarios with multiple graspable and ungraspable objects is
also a challenging task for further exploration.
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