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Abstract—Robotic grasping in cluttered environments presents
significant challenges due to occlusions and physical interactions
that hinder successful object retrieval. Traditional grasping
strategies often fail in densely cluttered scenes, where direct
grasp attempts lead to frequent collisions or inaccessible target
objects. To address this limitation, we propose an RL pushing-
grasping framework that incorporates a grasp success prediction
(GSP) model to guide pre-grasp manipulation. An autoencoder
compresses RGB-D data and object masks into a latent rep-
resentation for a predictor that estimates grasp success. When
this estimate falls below a threshold, an SAC-trained agent first
chooses to push to improve the object’s pose and then executes
the grasp. The proposed method is evaluated in randomised
cluttered environments within the PyBullet simulation platform.
Experimental results demonstrate that our approach significantly
improves grasping performance, achieving an 81% compared
to 56% for a heuristic-based baseline, showing that it selects
effective movements for rearranging the scene. These results
show that predicting grasp success is important for deciding how
to prepare the scene, helping the robot retrieve objects more
efficiently and reliably in cluttered environments.

Index Terms—Robotic grasping, manipulation, reinforcement
learning, grasp success prediction, cluttered environments

I. INTRODUCTION

Grasping is a basic problem in robot manipulation. This
research field has improved greatly in recent years, especially
by studying how pushing and grasping actions can work
together when the environment becomes more complicated [1].
The purpose is to use pushing to achieve a pre-grasping
condition in the cluttered environment and learn the synergy
between the two actions [2] [3] [4]. By leveraging insights
derived from human actions, the agent is encouraged to utilise
action primitives to isolate the target object from a densely
cluttered environment, thereby facilitating grasping [5]. To
achieve this goal, the agent integrates visual information from
both the current scene and the target object to infer the
necessary actions for a given scenario [2], rather than relying
solely on basic target-driven grasping. Learning how to push
effectively is essential for improving task efficiency, as pushing
actions can help isolate or expose the target object within
the clutter [6]. Therefore, to improve the efficiency of our
approach, we train the pushing network using a reward signal
only when an increase in the predicted grasping success rate is
observed. While most existing methods rely on Q-maps from

the pushing network or execute pushing actions at the highest
point in the workspace , our approach encourages the agent to
perform more purposeful actions that facilitate future grasping.

In our approach, we first introduce a grasp success predictor
to estimate the probability of a successful grasp given the
current scene. This predictor assesses grasp feasibility, helping
the agent to make informed decisions before attempting to
grasp. If the predicted success rate is below a predefined
threshold, we employ an RL model [7] to determine optimal
pushing actions that enhance the graspability of the target ob-
ject. The RL model learns effective strategies to manage clutter
by pushing obstructing objects aside and isolating the target
object from its surroundings. The agent iteratively executes
these pushing actions until the grasp success prediction (GSP)
surpasses the threshold, after which it performs the grasp to
achieve the desired goal.

Our framework, shown in Fig. 1, is capable of allowing
the agent to actively interact with the environment rather than
passively attempting to grasp under unfavourable conditions.
Compared to existing methods that rely solely on static Q-
maps or heuristic-based pushing strategies [2] [8], our ap-
proach dynamically adapts to the scene, ensuring that each
action meaningfully contributes to a successful grasp.

The main contributions are summarised below:

• We introduce a grasping success rate predictor that esti-
mates the likelihood of a successful grasp based on the
current scene observation and object mask, enabling more
informed decision-making.

• We design an RL-based pushing network that is trained
using feedback from the predictor, allowing the agent
to strategically manipulate objects and improve grasp
efficiency.

• We propose a unified framework integrating predictive
modelling with reinforcement learning, enabling the agent
to adaptively and dynamically improve grasp conditions
through targeted scene rearrangements.

II. RELATED WORK

In this section, we review relevant literature on grasping
strategies and pre-manipulation techniques.



A. Grasping

Grasping is a fundamental capability in robotic manip-
ulation and serves as the foundation for executing tasks
in complex environments. Many recent approaches leverage
RL to model grasping frameworks, where predefined reward
functions encourage the agent to maximise grasp success and
generalise across diverse scenarios [9]. These methods enable
robotic systems to autonomously learn grasping strategies
by interacting with objects in both simulated and real-world
environments, improving their adaptability to unseen configu-
rations [10].

However, in dense, cluttered environments, direct grasping
is often challenging due to occlusions and collisions between
the target object, surrounding objects, and the robotic grip-
per [11]. These unintended interactions frequently lead to
grasp failures and reduce retrieval success rates. To mitigate
this issue, some works incorporate scene modification tech-
niques to rearrange clutter before attempting a grasp [12].
These approaches improve grasp feasibility by creating more
accessible grasp configurations, reducing occlusion, and en-
suring more stable object interactions [13], [14].

B. Pushing

Pre-manipulation has been increasingly explored in robotic
manipulation to improve target object retrieval in cluttered
environments [15] [16]. Non-prehensile actions, particularly
pushing, have been extensively studied in robotic manipulation
as a means of reorganising cluttered environments to facilitate
grasping. Pushing has proven to be an effective strategy for
reducing occlusions, rearranging objects, and improving the
accessibility of a target object [5] [12]. Recent research has
explored both heuristic-based and learning-based approaches
to optimise pushing actions [17].

Previous works have applied learning-based methods to re-
arrange the environment, aiming to isolate the target object and
improve graspability [18]. Some approaches rely on predefined
rules, such as pushing the highest point in the workspace,
while others incorporate deep RL to enable adaptive pushing
strategies. However, many existing methods treat pushing as
an independent action without explicitly evaluating its impact
on subsequent grasp success [15].

C. Synergy Between Grasping and Pushing

Integration of pushing and grasping has been extensively
explored in recent years, particularly through RL. Pre-grasp
manipulation strategies, such as pushing, can significantly im-
prove grasp success rates by modifying the spatial arrangement
of objects, thereby increasing the accessibility of the target
object [19].

Among the most relevant works, Zeng et al. proposed a
framework that jointly learns pushing and grasping policies
using a deep Q-network (DQN). The method employs two Q-
maps of equal size to encourage useful pushing actions until
a grasp is successful [2]. Similarly, in [5], learning optimal
push policies by trial and error. However, their reward structure
prioritises pushing actions as long as any object is moved,

without explicitly considering the efficiency or necessity of
the push in relation to the final grasp.

Other studies have introduced dual Q-maps that separately
represent pushing and grasping actions, with rewards only
assigned when the grasping Q-value exceeds a predefined
threshold [20] [21]. Similarly, Kalashnikov et al. proposed
QT-Opt, a closed-loop RL framework for bin-picking tasks,
but its application is limited by the high computational cost
of training [22]. Liu et al. introduced GE-Grasping, which
focuses on reducing occlusions near the target object through
learned pushing action [9]. While their approach efficiently
integrates pushing and grasping, its reliance on predefined
action primitives may limit adaptability to more dynamic and
unstructured environments [9].

Our method explicitly evaluates the effectiveness of each
pushing action based on real-time GSP. Instead of treating
pushing as a separate optimisation task, our system learns
to execute only the most beneficial pushing actions, directly
maximising grasp feasibility. By integrating GSP into the
RL process, our approach reduces unnecessary pushing and
optimises the synergy between non-prehensile and prehensile
actions for more efficient target retrieval.

III. METHOD

This section provides an overview of the proposed method
(see Fig. 1), followed by a detailed explanation of our predic-
tion module and the RL-based pushing and grasping network.

A. Overview

The goal for our system is to improve grasp success in
cluttered environments by integrating the GSP model and
an RL-based pushing strategy. The main idea is to enable
the agent to evaluate the graspability of an action before
attempting the grasp. Rather than directly grasping, the agent
first processes an RGB-D image and obtains the mask of
the target object. A pre-trained autoencoder then encodes
this information into a compact latent representation. Fig. 2
shows how autoencoder converts raw RGB-D data into the
latent representation. The grasp prediction model utilises this
representation to estimate the likelihood of a grasp succeeding.
If this estimated probability exceeds a predefined threshold, the
agent then proceeds with the grasp.

However, when the grasp success probability is below the
pre-defined threshold, the agent applies an RL-based pushing
strategy to improve object accessibility. The trained pushing
network determines the optimal pushing action, modifying the
scene to create a more favourable grasp condition. After each
push, the system re-evaluates the grasp success probability,
repeating the process until the threshold is met. By integrating
predictive modelling with RL, our system enables the agent to
interact with the environment actively rather than relying on
direct, potentially ineffective grasp attempts.

B. Prediction module

An overhead RGB-D camera first gathers both colour and
depth data for the scene. The target object’s mask is also



Fig. 1: System Overview: Our system is implemented in a PyBullet simulation environment using a KUKA robotic arm
equipped with an RGB-D camera. The input includes the RGB-D image, which is processed through an autoencoder to
generate a latent space representation of the cluttered scene. The grasp prediction model evaluates the graspability of the target
object based on the encoded latent features to decide the corresponding actions. The process iterates until the grasp success
probability meets the threshold.

provided, allowing a pre-trained autoencoder to encode the
images. However, if the object is heavily blocked by clutter,
only a partial or no mask can be obtained. By combining the
RGB-D image and the mask, the autoencoder learns a compact
latent representation that captures key spatial features.

This latent space serves as a high-level encoding of the
environment, enabling the agent to understand the spatial
relationships between objects better and make more informed
decisions. The GSP model utilises this learned representation
to estimate the likelihood of a successful grasp. Given an input
scene, the model outputs a grasp feasibility probability. If the
predicted grasp success rate is low, the agent opts to perform
pushing to improve the scene configuration before attempting
a grasp.

Fig. 2: Autoencoder to process observation data

C. RL-based pushing network

To improve grasp success in cluttered environments, we use
an RL model to strategically push objects before grasping.
Instead of following fixed pushing actions, the agent learns
optimal pushes based on the scene’s latent representation.

We define this problem using RL notations here. The agent
interacts with the environment through a sequence of states
st, actions at, and rewards rt. At each timestep t, the agent
observes the current observation st, selects an action at, and
receives a reward rt+1 along with transitioning to the next
state st+1. The goal of the agent is to maximise the expected
cumulative reward Gt =

∑∞
k=0 γ

kRt+k+1, where γ (0 ≤ γ ≤
1) is the discount factor, representing the importance of future
rewards.

1) Observation Space: The observation space contains the
RGBD images st provide essential information that guides
the agent’s decisions when selecting pushing actions. For-
mally, it is represented as st = {lt, pt}, where lt denotes
the latent space representation of scene features encoded by
autoencoder, integrating RGB-D image data and the mask of
the target object, and pt is the grasp success probability, the
predicted likelihood of successful grasping, provided by the
grasp prediction model, offering immediate feedback about
grasp feasibility.

2) Action Space: At each step, the agent chooses an initial
contact point pt = (xt, yt, zt) inside a 10 cm× 10 cm× 5 cm
box centred on the target object:

at = {(xt, yt, zt) | |xt| ≤ 5 cm, |yt| ≤ 5 cm, |zt| ≤ 2.5 cm}.

After selecting pt, the gripper height zt is fixed and the gripper
moves a constant 5 cm in a predetermined horizontal direction
within the xy–plane.

The agent learns to strategically push objects to maximise
the grasp success probability. This ensures that objects are
rearranged in a way that makes grasping easier and more suc-
cessful. Using RL, the model continuously adapts its pushing
actions based on immediate feedback, allowing the agent to
dynamically adjust the scene and improve grasp performance
in cluttered environments.



D. Model Training

1) Training the Grasp Success Prediction Model: Data
Collection: To train the grasp success predictor, we first collect
a dataset of 30,000 RGB-D images with corresponding target
object masks from diverse cluttered environments. Each grasp
attempt is labelled based on its outcome: We define labels for
grasp outcomes using the following binary representation:

y =

{
1, if grasp succeeds
0, if grasp fails

(1)

We train a supervised learning model using this labelled
dataset to predict grasp success probability. The training
pipeline consists of:

• Feature Extraction (Autoencoder-based): RGB-D im-
ages and object masks are encoded into a 128-
dimensional latent representation.

• Prediction Model Architecture: A multi-layer neural
network maps the latent features to a grasp success proba-
bility. ReLU activation functions are used in intermediate
layers, and a sigmoid activation layer is used in the final
layer to produce a probability.

• Loss Function and Optimisation: The model is trained
using Focal loss and optimiser is AdamW with an adap-
tive learning rate.

• Evaluation Metrics: Accuracy for overall correctness,
F1-score for the precision–recall balance, and AUC-ROC,
which shows how often the model ranks a true success
above a failure without fixing a decision threshold.

Fig. 3: Accuracy during training for grasping success rate
prediction model.

2) Training the RL-Based Pushing Model: The pushing
policy is trained using SAC from stablebaseline3 [23], an RL
algorithm designed for continuous action spaces. SAC is cho-
sen due to its sample efficiency, stability, and ability to balance
exploration and exploitation through entropy regularisation.

The agent receives a reward based on the improvement
in the predicted grasp success probability after executing a
pushing action. If the action increases the grasp success prob-
ability beyond 0.5 and results in a meaningful improvement
(∆Psuccess > δ), the agent is positively rewarded. Conversely,
if the action fails to enhance the likelihood of grasp success,
a penalty is applied. The reward function is formulated as:

R(s, a) =

{
1 + ∆Psuccess, if Psuccess(s

′) > 0.5

−1, otherwise
(2)

where ∆Psuccess = Psuccess(s
′) − Psuccess(s) represents

the change in the predicted grasp success probability after
executing action a. This formulation encourages the agent
to perform pushing actions that significantly increase grasp
feasibility. The base reward of 1 ensures that the agent is
always encouraged to interact with the environment, while the
additional term ∆Psuccess further rewards actions that lead to
greater improvements in grasp success probability.

Fig. 4 illustrates the training process of the RL-based
pushing policy, showing the reward progression over training
episodes.

Fig. 4: Training reward curve of the RL-based pushing policy.

IV. EXPERIMENT AND RESULTS

To evaluate our RL-based pushing-grasping strategy, we
conducted experiments in simulated environments. The objec-
tive was to compare its success rate and efficiency against
baseline methods and assess its stability across different clut-
tered scenarios, ensuring consistent performance.

A. Experiment Setup and Metrics

Specifically, our environment is adapted from the PyBullet
Multi-Goal RL framework [24], originally designed for multi-
goal robotic manipulation. We modified this environment to
better suit our pushing-grasping task by incorporating a GSP
model, redefining the reward structure, and customising object
placements to generate diverse cluttered scenarios.

The environment contains 11 blocks that vary randomly in
size, colour, and pose. At the start of each episode, the blocks
are dropped from a fixed height, creating diverse clutter that
challenges the agent’s adaptability.

To assess the performance of our RL-based pushing-
grasping strategy, we compare it against baseline methods
under identical simulation settings. The evaluation metrics
used in our experiments are:

• Grasp Success Rate (GSR): The percentage of successful
grasps overall attempts.

• Task Completion Rate (TCR): Percentage of completed
the task.



Fig. 5: Experiment:The sequential process of our pushing-grasping strategy. The agent first observes the scene, selects a
pushing action based on RL, updates its observation after pushing, and finally executes the grasping action to achieve the goal.

• Average Push Count (APC): The mean number of push-
ing actions.

• Push Success Rate (PSR): The percentage of pushing
actions that led to an increase in grasp success probability.

B. Baseline Method

To evaluate the effectiveness of our proposed method and
assess the impact of the GSP model, we design a baseline
approach that does not utilise grasp success probability pre-
dictions. Instead of making decisions based on estimated grasp
feasibility, the baseline method follows a fixed heuristic for
selecting pushing actions. However, aside from the absence of
the prediction model, the baseline method is trained using the
same SAC-based RL framework as our proposed method.

The primary objective of the baseline is to modify the
spatial structure of the environment in a way that improves
the likelihood of successfully grasping the target object. The
baseline method follows a height-based heuristic to determine
where to push. Specifically, the agent identifies the height
distribution in the scene, operating under the assumption that
taller structures are more likely to occlude or obstruct the
target object when the target is not visible. The agent then
executes a pushing action in that region to clear potential
obstructions.

The baseline agent is allowed to perform a maximum of five
pushing actions before attempting a grasp. Both methods share
the same RL setup, network architecture, and training strategy
using SAC. The only difference is that the baseline agent does
not receive feedback from a grasp success predictor.

To ensure a fair comparison, the agent in both approaches
receives rewards under the same conditions. The agent in the
baseline is rewarded only when a grasp is successful or when
the latent space representation of the scene changes, thereby
reinforcing the goal of actively modifying the environment’s
layout to facilitate grasping.

By comparing this baseline with our method, we aim
to demonstrate the advantages of prediction-driven pushing
strategies, particularly the role of GSP in guiding adaptive
and efficient object manipulation. The evaluation is conducted
based on grasp success rate and task completion rate, allowing

for a direct comparison between static heuristic-based pushing
and learning-based adaptive pushing.

Fig. 6: Success rate comparison over training
episodes.

C. Results and Analysis

To evaluate the effectiveness of our approach, we conducted
experiments in 100 randomly generated cluttered environ-
ments and compared our method with the baseline, which
follows the same SAC-based RL framework but does not
incorporate GSP. The results are summarised in Table I.

TABLE I: Performance comparison between our method and
the baseline

Metric Ours Baseline
Grasp Success Rate (GSR) 88% 56%
Task Completion Rate (TCR) 81% 44%
Average Push Count (APC) 1.9 5
Push Success Rate (PSR) 86% 58%

The results demonstrate that our method significantly out-
performs the baseline in all evaluation metrics. Our approach
achieves an 88% grasp success rate, a notable improvement
over the baseline 56%, highlighting the advantage of integrat-
ing GSP. Similarly, the task completion rate improves from
44% in the baseline to 81%, showing that the agent is more
effective in retrieving the target object. Fig. 6 demonstrates



how our method successfully completes the task with just a
single push.

A key observation is the substantial increase in push success
rate. Since the baseline method follows a predefined heuristic-
based pushing strategy rather than learning an adaptive policy,
it often performs ineffective pushes that do not contribute
to grasping success. In contrast, our approach evaluates the
effectiveness of each push based on GSP, ensuring that pushing
actions are executed only when they improve the target object’s
accessibility.

These findings suggest that incorporating a GSP model
allows the agent to make more informed pushing decisions,
effectively reducing unnecessary scene modifications and en-
hancing grasp efficiency in cluttered environments.

V. CONCLUSION

In this work, we presented an RL-based pushing-grasping
framework that integrates GSP to enhance object retrieval
in cluttered environments. By leveraging an autoencoder to
encode RGB-D observations and target object masks into a
latent space, our method enables real-time estimation of grasp
success probability. When direct grasping is deemed infeasi-
ble, an SAC-based RL agent executes non-prehensile pushing
actions to rearrange the environment before attempting a grasp.

Extensive evaluations in randomly generated cluttered en-
vironments demonstrated that our approach significantly out-
performs a heuristic-based baseline. Moreover, our method
ensures that pushing actions are executed in a targeted and
efficient manner to facilitate grasping. These findings highlight
the importance of integrating GSP into RL-based manipulation
strategies to achieve adaptive and efficient robotic interaction
in unstructured environments.

Our long-term goal is to further enhance the adaptability
of our framework by incorporating more sophisticated scene
understanding and action planning, enabling robots to operate
effectively in highly dynamic and real-world environments.
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