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A Reinforcement Learning Approach to
Non-Prehensile Manipulation Through Sliding
Hamidreza Raei , Elena De Momi , Senior Member, IEEE, and Arash Ajoudani , Member, IEEE

Abstract—Although robotic applications increasingly demand
versatile and dynamic object handling, most existing techniques
are predominantly focused on grasp-based manipulation, limiting
their applicability in non-prehensile tasks. To address this need, this
study introduces a Deep Deterministic Policy Gradient (DDPG) re-
inforcement learning (RL) framework for efficient non-prehensile
manipulation, specifically for sliding an object on a surface. The
algorithm generates a linear trajectory by precisely controlling
the acceleration of a robotic arm rigidly coupled to the horizontal
surface, enabling the relative manipulation of an object as it slides
along the surface. Furthermore, two distinct algorithms have been
developed to estimate the frictional forces dynamically during
the sliding process. These algorithms dynamically provide friction
estimates online after each action, serving as critical feedback to
the actor model. This feedback mechanism enhances the policy’s
adaptability and robustness, ensuring more precise control of the
platform’s acceleration in response to varying surface conditions.
The proposed algorithm is validated through simulations and real-
world experiments. Results demonstrate that the proposed frame-
work effectively generalizes sliding manipulation across varying
distances and, more importantly, adapts to different surfaces with
diverse frictional properties. Notably, the trained model exhibits
zero-shot sim-to-real transfer capabilities.

Index Terms—In-hand manipulation, reinforcement learning
(RL), transfer learning.

I. INTRODUCTION

FOR years, advancements in robotic manipulation have
focused on enhancing grasp dexterity and generalizing

manipulation skills across a wide range of objects and tasks.
These developments have significantly narrowed the gap be-
tween robotic manipulators and skilled humans, particularly
in prehensile manipulation which is performed in slow and
quasi-static operations. The ability to manipulate objects without
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Fig. 1. Illustration of the non-prehensile manipulation explored in this study:
A robotic arm sliding an object accurately through a reciprocating motion.

grasping them is a decisive aspect of human dexterity. Despite
the growing demand for involving robots in various applications
where non-prehensile manipulation is the most effective way
to perform the task, current algorithms developed for non-
prehensile manipulation still fall short of achieving human-level
performance [1]. This limitation primarily stems from their de-
pendence on oversimplified models and approximated physical
parameters, which compromise the robustness of these methods
when dealing with uncertainties, variations in object properties,
and dynamic environmental conditions [2]. Non-prehensile ma-
nipulation tasks are essential in various fields, such as logistics,
cooking, and food delivery. Examples include sliding a pizza
into an oven or flipping a burger in a pan.

To address these limitations in non-prehensile manipulation,
this study investigates precise sliding control of an object on
a horizontal surface using a robotic arm. This approach differs
from other studies on non-prehensile manipulation methods that
focus on preventing objects from sliding across a horizontal sur-
face during the transport [3], [4], as well as from previous work
that uses external barriers to slide objects on the manipulator’s
palm [5]. Our study aims to achieve accurate sliding displace-
ments by controlling surface acceleration and deceleration (see
Fig. 1), similar to moving a glass on a tray, without requiring
prior knowledge of the precise friction coefficient and only by
maneuvering the tray. To perform this, an actor-critic reinforce-
ment learning (RL) framework is implemented in a simulation
environment. The RL framework generates sequences of actions
in a continuous action space to create precise linear trajectories,
achieving the desired sliding displacement. Once trained, the
actor model is transferred to real-world setup to be evaluated.

Deploying simulation-trained policies to real-world robots is
challenging due to the sim-to-real gap. Many simulators struggle
to accurately capture material properties, deformable objects,
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and detailed robot-environment interactions, making it essential
to choose an environment that balances computational efficiency
with high-fidelity physics [6]. Moreover, critical variables like
surface roughness and contact mechanics are often oversimpli-
fied, which can adversely affect real-world performance [7].

In non-prehensile manipulation, dynamic friction is crucial,
while grasping mainly depends on static friction. Yet, most
simulators (MuJoCo, Bullet, ODE, Vortex, PhysX) rely on the
Coulomb friction model, which does not accurately capture
dynamic friction [8], [9], [10]. To address this known inac-
curacy, a common approach is domain randomization, which
varies environment dynamics to expose the RL agent to diverse
scenarios during the training [11], [12]. Additionally, we further
enhance robustness by estimating and incorporating real-time
friction feedback into the control algorithm. In summary, the
contributions of this work can be listed as follows:
� Training an actor-critic RL model which is robust to surface

friction and can slide an object on a surface by generating
linear trajectories.

� Training a long short-term memory (LSTM) model to infer
surface friction between two surfaces from time-series
kinematic data.

� Developing an analytical friction inference approach using
kinematic data to robustly estimate friction.

� Assessing the effect of domain randomization and friction
inference methods on the performance of zero-shot sim-
to-real transfer.

II. RELATED WORKS

1) Non-Prehensile Manipulation

Non-prehensile manipulation is the ability to manipulate ob-
jects without grasping and is crucial for tasks involving hard-
to-grasp objects or cluttered workspaces [1], [13]. This type
of manipulation encompasses a range of techniques such as
throwing [14], pushing [2], rolling [15], and sliding [5], [16],
among others. Several studies have explored the non-prehensile
manipulation of an object on horizontal surfaces [3], [5], [17].
One of these studies [3] primarily focused on transporting an ob-
ject on a horizontal surface while ensuring no sliding or slippage
occurs during the task. In contrast, our work deliberately lever-
ages sliding as the primary method for moving the object across
the surface. Another study [5] investigates a control approach for
sliding an object on a surface, demonstrating impressive control-
lability and performance. However, it assumes the presence of
external barriers to assist with the sliding task and incorporates
precise knowledge of the surface friction coefficient (μ) into
its model-based controller. Although effective, this inherently
limits the approach’s ability to generalize to scenarios without
external constraints or unknown friction properties. Another
study in this domain [17] avoided external barriers, employing
repetitive sliding maneuvers to reposition the object to its desired
pose. However, due to a lack of accurate friction knowledge,
very conservative solutions were implemented that relied on
short sliding increments and numerous corrective moves, and
the control policy lacked real-time friction adaptation.

2) RL for Continuous Action Space

Reinforcement learning algorithms have long been studied
and applied in simplified environments, such as the Atari games
discussed in [18]. In these settings, they have achieved notable

Fig. 2. (a) Simple schematic of the platform and sliding object with body-
fixed frames. (b) Four phases of reciprocating motion in terms of platform
acceleration, velocity, and position.

success, often surpassing human experts in performance. How-
ever, these environments typically rely on discrete action spaces,
whereas most real-world control problems require continuous
action spaces. To address this, several RL algorithms have
been developed to operate in continuous action spaces. Among
the most prominent are actor-critic models which have been
frequently utilized for non-prehensile manipulation. Notably, in
a recent study, Proximal Policy Optimization (PPO), and Soft
Actor-Critic (SAC) are implemented to perform pushing through
non-prehensile manipulation [19]. Several other studies have
explored the development of Twin Delayed Deep Deterministic
Policy Gradient (TD3) or similar algorithms for non-prehensile
manipulation, such as throwing [20], and 6D object pose align-
ment [1]. These findings underscore the value of actor–critic RL
methods, particularly in achieving effective sim-to-real transfer.

III. METHODOLOGY

In this study, we utilize an iterative framework for sliding
where the agent generates sequential actions. Following each
action, if the cumulative displacement has not reached the target
accuracy, a subsequent action is generated. This decision uses an
updated state incorporating the feedback, including remaining
distance (Ddes), previous actions, and friction estimate (μe), to
generate the next action. Iteration continues until the cumulative
displacement meets the accuracy requirement. For this purpose,
we present the RL framework, providing details about the sim-
ulation environment and the architecture of the actor and critic
models. Finally, we introduce two distinct online algorithms for
friction estimation: an analytical approach and a data-driven
LSTM approach, both designed to infer friction based on the
action given to the manipulator and the kinematic data of relative
motion between the object and the surface.

A. Problem Statement and Assumptions

We propose a strategy for sliding an object B on a surface
A via a linear maneuver, with relevant parameters illustrated in
Fig. 2(a). Sliding begins when the inertial force, induced by the
surface’s linear acceleration (Ẍ) exceeds the maximum static
frictional force as shown in the following:

Ffmax
= μs mg |Ẍ| > μsg. (1)
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Once this condition is satisfied, the relative acceleration for the
object with respect to the surface is illustrated in the following:

ẍB
A = −Ẍ− ẋB

A

|ẋB
A |

μkg. (2)

To simplify the problem of the sliding object, assumptions are
made regarding the input command Ẍ which defines the linear
acceleration of the supporting surface. The surface starts from
a stationary position, accelerates, decelerates, and returns to its
initial resting pose. This reciprocating motion defines an action
in the DDPG RL framework. The relative displacement of object
B with regard to the surface A is given by

xB
A =

{
0 |Ẍ| ≤ μsg

− ∫∫
Ẍ dt− ∫∫ |ẋB

A |
ẋB
A

μk g dt |Ẍ| > μsg
. (3)

B. Generated Action Into Linear Trajectory

The action generated by the RL agent comprises three param-
eters, which are two accelerations and one time duration defined
in Fig. 2(b) denoted as (ai, am, tm). To elaborate the maneuver
using these parameters, we need to write down the velocity of
the surface as a function of time derived from this command,
which is given by

ẋA(t) =⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

ai t 0 ≤ t ≤ ti

ai ti + am(t− ti) ti ≤ t ≤ ti +
tm
2

ai ti + am
tm
2 + am(t− ti − tm

2 ) ti +
tm
2 ≤ t ≤ ti + tm

ai ti + am tm + ai t ti + tm ≤ t ≤ 2ti + tm

.

(4)

The maneuver is divided into 4 phases. Transitions between
phases occur upon changes in the commanded acceleration or in
the direction of motion of the platform, as illustrated in Fig. 2(b).
At t = ti +

tm
2 the platform changes its direction of motion and

that means ẋA(t) = 0. Although ti does not explicitly appear
among the generated action parameters, it can be calculated as
follows:

ti =
tm
2

∣∣∣∣amai
∣∣∣∣ . (5)

Furthermore, the maximum motion range required for an
action, occurring at t = ti +

tm
2 , is obtained by integrating (4):∫ ti+

tm
2

0

ẋA(t) dt =
aiti

2

2
+

am t2m
8

. (6)

The formulation presented for ti shown in (5), ensures that
the robot begins and concludes the maneuver at the same pose
with ẋA = 0, adhering to the initial assumption discussed in
Section III-A. The calculated ẋA will be commanded to the
franka cartesian velocity controller to be executed.

C. Simulation Environment and Physics Engine

Several physics simulation engines are commonly used in
robotics, but in RL, both simulation speed and physics accu-
racy are critical [21]. One of those simulation engines namely
Multi-Joint dynamics with Contact (MuJoCo) outperforms al-
ternatives such as ODE (used in Gazebo), PhysX (used in Isaac

Sim), and Bullet, particularly in terms of speed and accuracy for
constraint-based systems [21]. MuJoCo’s design leverages gen-
eralized coordinates for efficient and accurate contact dynamics
along with contact solvers such as implicit nonlinear comple-
mentarity, whereas the other engines rely on Linear Comple-
mentarity Problem (LCP) solvers and cartesian representations.
This can lead to numerical instability and reduced precision in
fine-grained contact tasks [10]. These findings motivated our
choice of MuJoCo as the simulation physics engine for modeling
the surface contacts essential for sliding manipulation.

D. Reinforcement Learning Framework

The choice of learning algorithm, capable of generating con-
tinuous actions is another important factor for RL. Off-policy
algorithms such as DDPG, TD3 and SAC benefit from a replay
buffer which allows training on any form of past experience
without requiring constant interaction with the simulation en-
vironment, which results in faster learning from previous in-
teractions [22]. Among off-policy algorithms, considering the
curriculum training and reward shaping strategies detailed in
Section III-D3, and given evidence that DDPG achieves faster
early convergence compared to TD3 and SAC [23], we employ
DDPG in our approach. The aforementioned training strategies
are expected to mitigate the overestimation bias commonly ob-
served in DDPG [24], [25], thereby enhancing learning stability.
In this method, the objective function is defined as following:

J(θπ) = Es∼D

[
Q(s, π(s|θπ)|θQ)] . (7)

The actor network, represented as π(s|θπ), is updated by
applying the gradient of the objective functionJ(θπ)with regard
to its actor network parameters (θπ), shown below:

∇θπJ(θπ) = Es∼D

[∇aQ(s, a|θQ)∇θππ(s|θπ)] . (8)

This update involves two components: the gradient of the
critic Q(s, a|θQ) with respect to the action a, evaluated at the
policy output a = π(s|θπ), and the gradient of the policy’s
output π(s|θπ) with respect to its parameters θπ. The critic
Q(s, a|θQ) learns to approximate the expected cumulative re-
ward using the Bellman equation given by

Q(s, a) = r(s, a) + γEs′ [Q(s′, π(s′))] . (9)

This defines the relationship between immediate and future
rewards. Together, these components ensure the policy is im-
proved to maximize the expected return. It is worth mentioning
that this framework is designed for zero-shot sim-to-real transfer
of the learned policy. Below, we detail the components of this
RL framework.

1) Data Structure: We are using a symmetric implementa-
tion of the actor-critic model, where both have access to the same
set of states from the environment. The state for this structure
includes desired remaining distance for displacement denoted as
Ddes, up to three previous actions, (Ai−1, Ai−2, Ai−3) and the
relative displacement caused by each action (Di−1, Di−2, Di−3),
and an estimation of the friction coefficient shown as μe. In sim-
ulation, all states are accurately available, whereas in real-world
implementation, relative position is tracked via a motion capture
system, and friction is estimated through extensive experimen-
tation.

2) Action Space: At each step, the learned policy generates
a three-dimensional action that defines the trajectory using three
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parameters ai (initial acceleration), am (maximum accelera-
tion), and tm (time duration). This action turns into a linear
trajectory as stated in Section III-B. The generated action is
constrained by acceleration and motion range limits to comply
with the robotic arm’s physical capabilities, as stated in the
following:

A=

⎧⎨
⎩
⎡
⎣ ai
am
tm

⎤
⎦
∣∣∣∣∣∣ |ai|, |am| ≤ 4.2m/s2, tm < 2.0 s, ai am ≤ 0

⎫⎬
⎭

3) Reward Function and Training: The sliding task is formu-
lated under the assumption of precise knowledge of the friction
coefficient within the Coulomb friction model, enabling the
derivation of an optimal solution. To formulate the analytical
solution, we need to expand (3) for all the phases as detailed in
the following.

ẍB
A(t) =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

ai − μk g 0 ≤ t ≤ ti

am − |ẋ
B
A(t)|μk g

ẋB
A(t)

ti < t ≤ ti +
tm
2

am − |ẋ
B
A(t)|μk g

ẋB
A(t)

ti +
tm
2 < t ≤ ti + tm

ai − |ẋ
B
A(t)|μk g

ẋB
A(t)

ti + tm < t ≤ 2ti + tm

. (10)

Integrating (10) twice under the boundary conditions yields
the phasewise displacements given by

ΔxB
A =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

(ẍB
A(t))

2 ti
2 |ai| > μs g

ẋB
A(ti)

tm
2 + (ẍB

A(t))
t2m
8 |am| > μs g

ẋB
A(ti +

tm
2 ) tm

2 + (ẍB
A(t))

t2m
8 |am| > μs g

ẋB
A(ti + tm) ti +

(ẍB
A(t))

2 ti
2 |am| > μs g

.

(11)

We address the Coulomb model’s limitations and accelerate
training by employing a progressive reward shaping [26] as
the agent follows a curriculum training path. The stages in the
training are detailed in the following:
� Behavioral cloning: The agent learns to mimic the ac-

tion parameters (ai, am, tm) derived from the analytical
optimal solution (11) for a fixed displacement distance
and friction coefficient. The reward function transition to
the performance-based occurs when the generated action
parameters consistently remain within predefined tolerance
thresholds (±0.1m/s2 for accelerations and±0.1 s for time
duration) relative to the analytical solution.

� Sliding distance generalization: Operating under the fixed
friction coefficient from previous stage, the actor net-
work is trained using a performance-based reward func-
tion, which incorporates sliding accuracy, the platform
range-of-motion, required time, and number of steps. The
objective is to achieve accurate sliding across various
desired displacements (0.03 < Ddes < 0.2). Transition to
the next stage occurs once the agent consistently achieves
displacement errors below 1 cm across the various desired
displacements.

� Friction Generalization: The true environment friction co-
efficient (μk) is varied per episode, sampled from a spec-
ified range (0.05 < μk < 0.4). The agent learns to adapt
its actions by utilizing the estimated friction coefficient

Fig. 3. This figure illustrates the states, the environment random initializa-
tion and domain randomization on friction parameter, in the DDPG training
framework.

(μe) provided within its state input. Crucially, during this
specific training stage, μe is set equal to μk . The objective
is to maintain high sliding accuracy, targeting displacement
errors below 1 cm, across the full range of tested distances
and friction conditions.

4) Domain Randomization: Upon completing the training
phase, where the model successfully generalizes its actions
across varying distances and friction coefficients (μk), domain
randomization is introduced to enhance robustness and sim-to-
real transferability [12]. For this problem, friction is identified
as the most critical parameter influencing the sliding task. By
introducing variations between μe and μk, the goal is to enable
the agent to handle uncertainty in frictional conditions and
prepare it for deployment in real-world environments.

To achieve this, we added a noise in two phases to the friction
coefficient, provided in the state input to the actor and the critic
network as shown below:

μ̄ = μ± η (12)

In the first phase, η ∈ [0.05, 0.1] and in the second stage η ∈
[0.05, 0.15]. These ranges were determined experimentally by
comparing the agent’s performance before and after applying
domain randomization, following completion of the friction
generalization stage. As noted in [27], excessive randomization
can result in overly conservative policies, a trend confirmed
by our comparisons. For this reason, the range was adjusted
incrementally. Fig. 3 shows the training structure for the DDPG
RL framework.

E. Friction Inference Algorithms

To provide crucial feedback for subsequent decision-making
within our iterative control strategy, this section introduces
two online algorithms designed to estimate the kinetic friction
coefficient (μe). These estimations are performed following the
completion of an action, utilizing the kinematic and command
data collected during that specific action.

1) Analytical Approach: In this approach, the relative equa-
tions of motion stated in (10) and (11) are utilized to solve
μk for the first three phases of the maneuver, given the known
xB
A from the simulation data or motion capture system in real
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Fig. 4. A schematic of the evaluation framework. Connections between components for real-world experiments (solid lines) and simulations (dashed lines)
are shown. The key difference lies in pose estimation: real-world setups rely on motion capture systems and forward kinematics to determine the poses of the
end-effector and the object, while simulations provide these poses directly.

Algorithm 1: Analytical Friction Estimation.

Input: Relative displacement xB
A(t) (measured via

OptiTrack or simulation), generated action (ai, am, ti, tm)
Output: Friction coefficient μe

1: if xB
A(t = ti) > 1.0 cm then

2: μe ← Solve [ 12 (ai − μk g) t
2 = xB

A(ti)] for μk

3: else if xB
A(ti + tm)− xB

A(ti) > 1.0 cm then
4: μe ← Solve

[ẋB
A(ti) tm + (am−μk g) t2m

2 = xB
A(ti + tm)− xB

A(ti)]
for μk

5: else
6: μe ← 1.1 am

g

7: end if

world experiments. With the generated action provided, the only
unknown parameter is the friction coefficient, μk, as detailed in
the following.

2) Data-Driven LSTM Approach: In this approach, the train-
ing data for the LSTM were generated from the simulation
environment. The input to the LSTM consists of a time series of
commanded accelerations applied to the surface and the relative
velocity between the object and the surface for a duration of
2.0 s. The target output is the friction coefficient corresponding
to the simulation environment. The network consists of four
recurrent layers with 1024, 512, 256, and 128 neurons, each
utilizing kernels, recurrent kernels, and biases to process inputs
and capture temporal dependencies. Fully connected layers fol-
low, progressively reducing dimensionality, with the final output
layer predicting a single friction coefficient value.

F. Evaluation Setup

The DDPG framework is evaluated in both simulation and
real-world experiments, as shown in Fig. 4. Although in the sim-
ulation setup, all required parameters can be obtained through

the simulation itself, for the real-world implementation, param-
eters related to the motion of the surface are obtained through
forward kinematics of the Franka arm and the parameters regard-
ing the relative motion of the object on the surface are obtained
through motion capture system. The evaluation setup is capable
of including or excluding the friction estimation algorithms, and
its effect is examined in the following section.

IV. EXPERIMENT AND RESULTS

The experiment in this study consists of two main phases to
comprehensively evaluate the proposed framework. In the first
phase, simulations are conducted to assess the actor network’s
ability to generalize the sliding task across varying environmen-
tal parameters, such as displacement distances, surface friction,
and inaccuracies in estimated friction coefficients. This simu-
lation phase benchmarks the RL model’s performance against
analytical solutions, highlighting its adaptability under uncer-
tainties. Additionally, it evaluates the friction estimation algo-
rithms, and their effect on the overall proposed framework. The
second phase, evaluates the trained model zero-shot sim-to-real
transfer capabilities and robustness to friction estimation error.
This phase involves testing the model on hardware as shown in
Fig. 1 without additional fine-tuning.

A. Simulation Evaluation

This experiment aims to evaluate how effectively the actor
network performs a sliding task over a fixed distance when
exposed to varying friction coefficients. The friction coefficients
are provided as inputs to the network’s state (shown in Fig. 4).
The evaluation focuses on analyzing the error in the initial
action generated by the actor network and its dependency on
the provided friction coefficient. Additionally, it examines the
network’s ability to generalize across diverse friction conditions.

To benchmark its performance, the DDPG model is compared
to an analytical approach that provides robust control for the
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Fig. 5. This figure illustrates simulation performance of the actor network in
sliding displacement under friction coefficient errors, compared to the robust
analytical baseline solution. Both the actor network and the analytical solution
receive µe as input to determine their actions. Yellow highlights show the
acceptable margin for errors, while gray highlights denote complete action
failure to move the object. This experiment is performed on three different
surfaces, where µk represents the friction coefficient of each surface, and µe is
the estimation given as input to both the actor network’s state and the analytical
model for this comparison.

Fig. 6. The simulation performance of the actor model across different desired
sliding distances (Ddes), evaluated under conditions of accurate and perturbed
friction coefficient estimation.

sliding task, as defined by (11). The experiment is conducted
across three surfaces with distinct friction coefficients (μk),
where the friction values provided to the network’s state range
betweenμe= (0.04, 0.32). Fig. 5 highlights the comparative per-
formance between the DDPG model and the analytical approach.
The actor trained within the DDPG framework demonstrates
robust performance, showing significantly reduced sensitivity
to variations in friction coefficients compared to the analytical
optimal solution. Additionally, the results indicate that across all
three surfaces, for Ddes = 8 cm, the actor network is robust to
friction estimation errors as long as the discrepancy between μk

and μe does not exceed 0.05. Notably, the actor avoids situations
where the action fails to slide completely.

The second experiment evaluates the model’s ability to
generalize across various desired displacements (Ddes) in a
simulation environment with a friction coefficient of μk =
0.24. As shown in Fig. 6, the results highlight the model’s

accuracy (1− |ΔxB
A−Ddes|
|Ddes| ) and the absolute error (|ΔxB

A −

Fig. 7. Indicates the simulation results on how each friction estimation al-
gorithm reduces the error in the estimated friction coefficient (µe), across a
range of errors (µe − µk) ∈ [−0.15, 0.15]. The y axis shows the percentage
improvement in the accuracy of the estimated friction coefficient for each model
(LSTM and Analytical), where higher values indicate better performance.

Ddes|) for both accurate (μe = μk) and slightly deviated (μe =
μk ± 0.05) friction estimates. The model demonstrates high
accuracy, with errors of |ΔxB

A −Ddes| ≤ 0.75 cm for accurate
μe and |ΔxB

A −Ddes| ≤ 1.25 cm for slightly deviated μe. The
sliding accuracy for accurate and slightly deviated μe has re-
spectively remained above 85% and 76%. It is important to note
that all results presented in Figs. 5 and 6 focus exclusively on
evaluating the performance of the actor network during its first
reciprocating motion or action.

Finally, the friction estimation algorithms are assessed for
their accuracy and influence on the overall performance of the
evaluation framework. The assessment begins with the DDPG
actor executing a sliding task with a desired displacement of
Ddes = 8 cm in an environment characterized by μk = 0.24.
Following this, the kinematic data of the relative motion between
the object and the surface, along with the command data, are
provided to each algorithm according to Section III-E. The
friction coefficient corrections of the LSTM and the analytical
approach are calculated as the ratio of the final error (|μ′e − μk|)
to the initial error (|μe − μk|), as shown below:

Correction of μe =

(
1− |μk − μ′e|
|μk − μe|

)
× 100 . (13)

where μk is the true friction, μe is the initial estimate given to
the agent, and μ′e is the estimate produced by the algorithms
after the action. Fig. 7 plots this correction against the initial
estimation error (μe − μk) for both algorithms across the range
of errors tested, specifically for (μe − μk) ∈ [−0.15, 0.15].

In simulation, the analytical and LSTM methods achieved
overall correction accuracies for μe based on (13) of 64.5%
and 95.6%, respectively. Experiments across various simulated
surfaces (μk ∈ [0.2, 0.4]) confirmed that this key trend persisted:
performance was comparable when friction was underestimated
(μe < μk), whereas the LSTM consistently outperformed the
analytical method during overestimation (μe > μk). Further-
more, Fig. 8 examines two scenarios of significant gap between
μe and μk, performed by the robust analytical solution and the
DDPG actor. The results indicate that the DDPG actor adapts
better than the analytical solution in sequence of actions by
learning from its past experience and adding online friction es-
timation yields further improvements. Both estimation methods
reduce the number of actions for task completion and enhance
the accuracy of subsequent actions compared to the standalone
DDPG actor.

Authorized licensed use limited to: Politecnico di Milano. Downloaded on March 30,2026 at 15:29:45 UTC from IEEE Xplore.  Restrictions apply. 



RAEI et al.: REINFORCEMENT LEARNING APPROACH TO NON-PREHENSILE MANIPULATION 7721

Fig. 8. Comparison of sequential actions performance between the analytical
solution and the DDPG actor in simulation under significant gap betweenµe and
µk . Performance shown with and without online friction estimation updates. (a)
Underestimation case (µe = 0.13, µk = 0.24). (b) Overestimation case (µe =
0.36, µk = 0.18).

Fig. 9. A and B: show the actor network performance on two surfaces with
different friction properties, respectivelyµk = 0.244 andµk = 0.16 to slide an
object for 8 cm when various µe are given as state to the network. C: illustrates
the commanded and actual velocity of the end-effector (surface) during a single
action and D: indicates the platform displacement and relative displacement of
the object on the surface within the same action as C.

B. Zero-Shot Sim-to-Real Transfer Evaluation

Initially, we test the trained model, referred to as the target
actor network, within the DDPG RL framework (see Fig. 3) on
a real-world setup designed for sliding an object on a horizontal
surface. We conduct evaluations on two different surfaces, each
characterized by dynamic friction coefficients ofμk = 0.244 and
μk = 0.16. To evaluate the model’s adaptability and precision,
we supply it with four different estimated friction coefficients
(μe) to determine its capability to effectively perform the sliding
task in a single step regardless of the accuracy of the provided
(μe). Results of this experiment are illustrated in Fig. 9(A) and

Fig. 10. Illustrates how each friction estimation algorithm reduces the error
in the estimated friction coefficient in the real-world experiment. The y axis
shows the correction accuracy of the estimated friction coefficient for each model
(LSTM and Analytical), and the x axis shows the error between actual and
estimated friction coefficient.

Fig. 11. Comparison of the impact of friction estimation algorithms (analytical
and LSTM) on task performance when the actor network starts with significant
friction estimation error in the real-world experiment.

Fig. 9(B). With a desired relative displacement of 8 cm, the
results show that an accurate estimate of μe keeps the displace-
ment within the acceptable error range (|ΔxB

A −Ddes| ≤ 1 cm).
Furthermore, even a slightly deviated μe (μe = μk ± 0.05) still
yields only a minor error—remaining below 1 cm—for the same
Ddes in the first action.

To clearly illustrate how the actor network achieves the rel-
ative displacement in a single action in the real-world setup,
Fig. 9(C) presents the commanded velocity—derived from the
generated action—accompanied by the end-effector’s velocity
tracking. Meanwhile, the displacement of the end-effector sur-
face (xA) and the resulting relative displacement of the object
(xB

A) during the one-step maneuver are depicted in Fig. 9(D).
As shown in Fig. 9(C) and (D), the predefined conditions for the
maneuver, stated in III-A, are satisfied.

Next, we seek to evaluate the accuracy of friction estimation
algorithms on a real-world setup, an equivalent of the experiment
shown in Fig. 7 for the simulation setup. The assessment is
performed in an environment characterized by μk = 0.16. The
kinematics and command data were collected for the estimation
algorithm after a single action for Ddes = 8 cm. The correc-
tion accuracy across the following error range (μe − μk) ∈
[−0.12, 0.12] is calculated by (13) and depicted in Fig. 10. The
results indicate, that when (μe < μk) the analytical and LSTM
approach have comparable results, however, when (μe > μk),
the LSTM outperforms the analytical approach in friction co-
efficient estimation. On average the analytical and the LSTM
approach respectively achieved a correction accuracy of 62.16%
and 87.2%.

Additionally, in the real-world setup, we examined a scenario
where the environment had a friction coefficient of μk = 0.244,
while an estimated value ofμe = 0.13was provided as the initial
state input to the actor network. Equivalent to the experiment
shown in Fig. 8 for simulation setup. The friction estimation
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algorithms adjusted μe from 0.13 to μe = 0.2106 using the
LSTM approach and μe = 0.255 using the analytical approach.
The results shown in Fig. 11, demonstrate that while the DDPG
actor is capable of performing the task despite discrepancies
between μe and μk, integrating friction estimation algorithms
reduces the number of required actions and improves sliding
accuracy in subsequent actions. A video recording showcasing
part of the real-world experiment is available at: https://youtu.
be/HbvEpeCo5DU.

V. DISCUSSION AND CONCLUSION

The results of this study highlight the efficacy of the pro-
posed DDPG RL framework in addressing the challenges of
non-prehensile manipulation through sliding. The actor is ca-
pable of sliding an object and adapting its generated action to
its experience from previous actions. These capabilities were
validated in both simulation and real-world experiments. The
zero-shot sim-to-real transfer capability underscores the model’s
adaptability, and the effectiveness of domain randomization.
Additionally, by integrating friction estimation algorithms, the
framework demonstrated robust performance in both simulation
and real-world environments for iterative corrective action, as
presented respectively in Figs. 8 and 11.

Furthermore, the LSTM friction estimation, trained solely on
simulation data, achieved notable real-world accuracy (87.2%
average). Additionally, it outperformed the analytical method
when friction was initially overestimated. Such overestima-
tion typically results in stronger commanded accelerations and
consequently higher relative velocities between the object and
surface. In these higher-velocity regimes, the LSTM’s ability to
capture complex temporal dynamics, learned from the simula-
tion, may offer an advantage over the analytical approach, which
relies on assumptions inherent in simpler friction models. The
LSTM approach’s performance was even higher in simulation
(95.6% accuracy). The performance gap between simulation and
real-world deployment suggests that the real-world accuracy of
this data-driven approach could be enhanced further by incor-
porating data gathered from physical sliding interactions and
fine-tuning in the real-world setup.

In conclusion, this study demonstrates that a DDPG RL
framework integrated with online friction estimation can achieve
robust zero-shot sim-to-real transfer for non-prehensile manipu-
lation tasks, laying a foundation for advancing robotic dexterity
in domains traditionally dominated by human skills.

Future studies could focus on extending this framework to
more complex and dynamic non-prehensile manipulation tasks,
such as flipping or hitting. Additionally, improving robustness
against variations in friction arising from factors like tempera-
ture changes, surface wear, or aerodynamic effects will further
enhance its sim-to-real transfer capability.
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