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Abstract— Soft robots present unique challenges for accurate
modeling and control due to their virtually infinite degrees
of freedom and highly nonlinear deformations. High-fidelity
continuum models offer accuracy but are often computationally
prohibitive for real-time control, while purely learning-based
policies are efficient yet frequently lack robustness and require
extensive data collection. In this paper, we propose a hybrid
control framework that trains Reinforcement Learning (RL)
policies using the physics-based Geometric Variable-Strain
(GVS) formulation. This integration enables a Proximal Policy
Optimization (PPO) agent to learn on a compact, physically
exact state parameterization within the SoRoSim environment,
leveraging continuum mechanics for accuracy without the need
for real-world data collection. We validate our approach in
simulation through two tasks: a basketball throw task and a
multi-step pick-and-place scenario. In the throwing task, the
agent achieved a 100% success rate within a defined tolerance,
with 55% of trials reaching the target with 1cm precision. In
the multi-step scenario, the controller maintained high accuracy
with a maximum relative error of approximately 8.5%. These
results demonstrate that combining GVS-based modeling with
PPO yields robust, data-efficient control policies, providing a
scalable solution for controlling soft robotic systems across
diverse applications.

I. INTRODUCTION

Soft robots, with their compliant and deformable structures,
are characterized by virtually infinite degrees of freedom,
granting them an inherent embodied intelligence that rigid
systems lack [1], especially when operating in unstructured or
unknown environments where adaptability and generalization
are critical. As a result, soft robots have been employed in
numerous technological fields, from underwater exploration
and biomedical applications to agriculture and manufacturing
[2], [3]. However, the very properties that make soft robots
versatile also make their modeling and control exceptionally
challenging. Their continuous, non-linear, and deformable
bodies violate the assumptions of rigid-body linear robotic
models, creating a highly complex modeling [4] and control
[5], [6] problems.

Model-based control approaches rely on physical and
continuum mechanics models of soft robots, often providing
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high accuracy in capturing their behavior, but struggle with
computational demands that limit real-time applicability [5].
On the other hand, Machine Learning-based (ML) policies
offer computational efficiency and adaptability by learning
surrogate models from data; however, they also tend to suffer
from limited generalization and can require extensive data
collection [7], [8].

Traditionally, these two paradigms—continuum-mechanics-
based models and data-driven learning—have been viewed as
distinct and sometimes opposing approaches. Recent advances
indicate that hybrid integration of these methodologies can
exploit their complementary strengths. By incorporating
physical model fidelity and the adaptive capabilities of
learning algorithms, it is possible to develop control systems
for soft robots that are both robust and versatile, capable of
handling diverse tasks with improved efficiency [6], [9].

Contribution. We propose an RL control framework that
integrates the high-fidelity Geometric Variable-Strain (GVS)
approach [10], [11] with a PPO agent [12]. This modeling
choice is strategic: while standard numerical continuum
models are often computationally prohibitive for online
control, GVS provides a reduced-order parametrization that
remains physically exact. Consequently, the RL agent operates
on a state representation that inherently characterizes soft-
body nonlinearities, leading to enhanced training efficiency
and robust generalization without the accuracy trade-offs
typical of data-driven or simplified geometric models.

Using the GVS-based SoRoSim environment for training,
we generate physics-consistent synthetic data, eliminating the
need for exhaustive real-world data collection. The resulting
RL policy enables real-time execution that analytical Cosserat
Rod solvers typically struggle to achieve. To demonstrate
these advantages, we tested our framework through two
experiments, a single-step ”basketball” projectile problem
and a multi-step pick-and-place scenario. Both experiments
led to high success rates, demonstrating that the integration
of GVS and PPO provides a robust solution for soft robotic
manipulation. This makes the possibilities for modeling
different problems and robots virtually infinite, without
requiring the time-consuming data collection needed by data-
driven approaches.

The remaining parts of the paper are organized as follows.
Section II introduces the related literature on the topic. In
Section III we present our approach with the combination of
the GVS model with the RL framework and in Section IV we
present the experiments that we employed to train and test
this framework. Finally, Section V draws the conclusions and
discusses the possible future development of this research.
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II. RELATED WORKS

Soft robot control techniques fall into two main cat-
egories: model-based and model-free approaches. Model-
based techniques are based on a mathematical representation
of the kinematics of the soft robot, making this approach
effective when a reliable model is available [5]. To overcome
the intrinsic nonlinearities of soft robots, various modeling
approaches have been developed, mostly by numerically
solving traditional continuum mechanics theories (physics-
based approaches) or by simplifying the robot’s geometry.
Physics-based methods usually offer the highest level of
accuracy, but come with significant computational complexity.
Examples include the Finite Element Method (FEM) [13]
and those based on the Cosserat rod theory. The latter, in
particular, relies on the assumption that the soft arm can
be represented as a continuous curve (the midline) and a
moving reference frame that defines the orientation of the
cross-section at each point. Different numerical solutions have
been proposed using this formulation [14], [11], [15], but
due to their high dimensional nature, their direct application
to real-time control is often difficult. Other models rely on
the assumption that the soft arm deforms following a specific
geometrical shape. The most popular example is the Piecewise
Constant Curvature (PCC) approach, where the soft arm is
discretized in a finite number of constant curvature elements
[16]. This approach has been extensively applied in control
applications [17], [18], and has also been extended to employ
polynomial curvature models, where the curvature varies
along the length of each segment following a polynomial
curve [19], [20], [21]. These approaches are usually seen
as a good compromise between accuracy and computational
complexity, but their application is necessarily restricted to
problems where the geometrical assumption is valid.

As the name suggests, model-free control, or data-driven
control, does not require a pre-existing mathematical model,
thus bypassing the complexity associated with intrinsic
nonlinearities of soft robots. These approaches use machine
learning techniques to directly learn the relationship between
the control inputs and the robot’s behavior from experimental
or simulated data. They often employ Recurrent Neural
Networks (RNNs) [22] or Reinforcement Learning (RL)
[23], [24], [8]. Although these approaches offer a valuable
tool in terms of computational efficiency, they often lack
generalizability and require extensive data collection.

Finally, recent literature also provides examples of hybrid
approaches, combining model-based and model-free elements,
with learning-based controllers grounded in physics-based
models. This involves frameworks where the models are
employed to generate the synthetic training data for the RL
agents to master the soft robotic behaviors prior to physical
deployment [25], or hybrid architectures that use physics-
based baselines to guide or constrain the learning process
[26], [27]. These frameworks combine the interpretability
of physical models with the adaptive power of data-driven
control.

III. PROPOSED APPROACH: MODELING AND
REINFORCEMENT LEARNING

In this paper, we aim at providing a general framework
for solving soft robotics control problems using Reinforce-
ment Learning (RL) combined with physics-based modeling
techniques.

A. Modeling
Our approach is based on the use of SoroSim, a MATLAB

toolbox for simulating various families of robots, including
soft, rigid, and hybrid soft-rigid configurations. It was origi-
nally presented in [28] and was recently further generalized in
[29] and in [30], with an analytical differentiable formulation.
It is based on the Geometric Variable-Strain (GVS) approach
presented in [11] (statics) and in [10] (dynamics).

The GVS framework characterizes the soft body deforma-
tion through the Cosserat rod theory. In this formulation, the
configuration of the system is represented by the position of its
centerline, r(X, t) ∈ R3, and the orientation of the local cross-
section, represented by the rotation matrix R(X, t) ∈ SO(3).
Here, X ∈ [0, L] denotes the material coordinate along the
robot’s length L. In this way, the spatial configuration of
the soft body is mapped to the Lie group SE(3) via the
homogeneous transformation matrix g(X, t):

g(X, t) =

(
R(X, t) r(X, t)

0T 1

)
(1)

The kinematics is then obtained by evaluating the spatial
and temporal variations of g(X, t):

g′(X) = gξ̂(X) , ġ(X) = gη̂(X) , (2)

where the vectors ξ(X) and η(X) represent the local
strain twist and velocity twist, while (·)′ and ˙(·) are the
partial derivatives with respect to the curvilinear abscissa and
time, respectively.

In the GVS framework, the configuration space is defined
through a discretization of the rod’s strain fields. By utilizing
a truncated modal basis, the continuous strain distribution is
approximated as:

ξ(X) = Φξ(X)q + ξ∗(X) . (3)

In (3), the matrix Φξ(X) ∈ R6×n contains the basis
functions as its columns, while the vector q ∈ Rn denotes
the generalized coordinates corresponding to the n degrees
of freedom. The term ξ∗(X) accounts for the strain of the
system in its undeformed state, derived from the reference
configuration g∗(X). This mapping allows the strain coeffi-
cients to function as generalized coordinates, allowing the
homogeneous transformations along the soft body in a manner
mathematically consistent with the joint-space representations
found in rigid-link robotics [31].

By mapping these relative strain parameters onto the
Cosserat kinematic chain, the system’s governing equations
are projected into a compact set of ordinary differential
equations. The resulting dynamic model follows the standard
Lagrangian form:

M(q)q̈ +C(q, q̇)q̇ +Kq = τ + F (q, q̇), (4)
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Fig. 1: Scheme of the RL framework. At each i-th step of the episode, the agent receives an observation that can include
the task specification and the robot’s current state. Based on this, it generates a continuous action vector, which is then
denormalized by the environment to control the robot’s physical motion. The environment, simulated in SoroSim, calculates
the new robot state and provides a reward signal to the agent, a dense exponential function that sharply penalizes task-specific
costs and encourages high-precision actions, driving the agent to learn accurate task completion over a series of episodic
interactions.

where M(q), C(q, q̇) and K are the respectively the
generalized mass, Coriolis and stiffness matrices, while τ
and F (q, q̇) represent the generalized vectors for internal
actuation and the external forces.

B. Reinforcement Learning Framework
In our Reinforcement Learning (RL) framework, the agent

learns to control the simulated soft robot by interacting with
the physics-based environment powered by SoroSim. The
workflow of the RL framework is given in Figure 1. The learn-
ing process follows a standard Reinforcement Learning (RL)
loop: the agent selects an action (the actuation command),
which the environment uses to simulate the robot’s dynamics.
From the resulting robot state, the environment computes an
observation and a reward, which are then returned to the agent
to guide its next decision. This interaction is formalized as a
Markov Decision Process with the following components:

• Observation Space: The observation vector charac-
terizes the task requirements and the system’s state.
It includes the target coordinates and the Cartesian
coordinates of the robot’s tip, both normalized within
the range [−1, 1]. Depending on the complexity of the
task, the vector can also be augmented with the robot’s
current configuration and velocities.

• Action Space: The agent’s output is a continuous
action vector, whose dimensions corresponds to the
independent control parameters. Each component is
normalized within the range [−1, 1], and subsequently de-
normalized by the environment to map it to the physical
actuation constraints (such as the motor angles or the
tendon tensions).

• Episode Flow: The agent learns through a series of
episodic tasks, which can be single-step (one action vec-
tor for each episode) or multi-step when multiple actions
are generated in sequence. The environment receives the
action and performs in SoroSim the dynamics simulation
of the soft arm’s motion over the full duration of the step.
It then calculates the robot state and the information that
are required to estimate the reward.

• Reward: To guide the agent toward precise task com-
pletion, we use an exponential reward function:

R = e−k·c(s), (5)

where c(s) is the task-specific cost function based
on the robot’s state s, and k is a positive scaling
factor. This function provides a dense reward signal that
increases sharply as the cost approaches zero, strongly
incentivizing high-accuracy actions.

The agent’s policy is trained using Proximal Policy Op-
timization (PPO) [12], a reinforcement learning algorithm
renowned for its stability and sample efficiency, making it
particularly well-suited for the high-dimensional, continuous
action spaces encountered in soft robotics. At its core, PPO
optimizes a clipped surrogate objective function, which
constrains the size of the policy updates at each training
step. This ensures stable learning by preventing the agent
from making overly aggressive and potentially catastrophic
changes based on a single batch of experience. By ensuring
the new policy does not deviate drastically from the prior
one, PPO facilitates a smooth learning process that is often
less sensitive to hyperparameter tuning than other on-policy
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methods.
The agent is implemented using two distinct Actor-Critic

architectures, each tailored to the episodic nature of the task:
a shared-layer network for single-step problems and separate
networks for multi-step problems.

• For single-step tasks, the actor and critic networks share
a common set of initial layers, which processes the input
observation to generate a common feature representation.
The network then branches into two specialized heads:
the actor head outputs the parameters for the action
distribution; the critic head outputs a single scalar value
representing the state’s estimated worth. This design is
computationally efficient, as the core feature extraction
is performed only once.

• For more complex multi-step tasks, the actor and critic
are implemented as two fully independent networks. This
separation prevents the learning updates from the policy
(actor) and the value function (critic) from interfering
with each other, which can lead to more stable training
in sequential tasks. The actor is a complete, standalone
network that takes the state and outputs the action
distribution parameters. The critic is another standalone
network that independently processes the state to output
its value estimate.

In both architectures, the network bodies consist of fully
connected hidden layers with ReLU activation functions.
The actor consistently defines a continuous policy by pa-
rameterizing a Gaussian distribution over the action space,
outputting both a mean and a standard deviation for each
action dimension.

IV. EXPERIMENTS

To test our framework, we perform two experiments: a
single-step throwing task and a multi-step ”pick-and-place”
scenario. In both cases, we consider a soft robotic arm with a
1 m length, a 5 cm radius circular cross-section. The material
properties are defined by a Young’s modulus E = 5 MPa,
density ρ = 1000kg/m3 and a Kelvin-Voigt damping η =
0.1 MPa·s. The arm is actuated at its base by a revolute
joint, with the undeformed configuration aligned with the
vertical gravitational axis. Gravitational acceleration is set to
g = 9.81 m/s2 where applicable. The system is modeled in
SoRoSim using a linear polynomial strain basis for planar
bending, resulting in two degrees of freedom (DoF) for the
soft arm and one DoF for the revolute base joint. The choice
of the polynomial order was validated through preliminary
simulations compared against the Finite Element Analysis
described in IV-A.1.

The two experiments are as follows:

1) Problem 1 (Basketball Throw) - Single Step: The soft
arm carries a mass at its tip and is subject to gravity. The
revolute joint is rotated counter-clockwise with a given
angle law and, at a specific time, the mass is released
to hit a target. This problem mimics a basketball game
scenario, where the mass represents the ball and the
target is the basketball hoop.

2) Problem 2 (Pick and Place) - Multi-Step: The arm is
actuated by both the revolute joint and a single internal
tendon. The task is split into two phases, where the tip
must reach two sequential targets.

A. The basketball game (single step)
In this experiment, the soft robotic arm simulates a

basketball throw, carrying an object and launching it toward
a target. To better represent this specific application, we
considered the target (hoop) positions that are representative
of the distances encountered in a NBA basketball field and
the success rate is defined based on the dimensions of the
ball and the hoop.

The revolute joint at the arm’s base rotates with a constant
angular acceleration. This is described by the angular position
equation θ(t) = θF (

t
Ttot

)2, where θF is the final angle and Ttot
is the total duration of the motion. This profile creates a whip-
like effect, resulting in long, high trajectories for the ball. For
our simulations, we set the final angle θF = 210◦ and varied
the total time Ttot to produce different arm accelerations and
trajectories.

For a given Ttot, the ball is released at time trel = δTtot,
where the coefficient δ represents the fraction of the total
motion time that elapses before release. Before this point, the
ball is modeled as a point mass exerting a constant vertical
force on the arm’s tip. After release, its initial position and
velocity are determined by the arm’s dynamics at trel, and it
subsequently follows a simple ballistic trajectory governed
by gravity.

To maintain the basketball analogy, we used an average
basketball mass of 600 g, corresponding to a gravitational
force of 5.886 N. It should be noted that a similar robotic
system was previously investigated in [32] and [21], showing
that, for specific critical values of the revolute angle and the
load applied to the tip, the arm presents a snap-back behavior
with a sudden release of elastic energy. The load that is
considered in these simulations is lower than this critical
value, so this instability phenomenon is not observed.

We considered values of Ttot ranging from 0.5 to 3.0
seconds and of δ ranging from 0.85 to 1.0. These ranges
were selected based on preliminary simulations to generate
trajectories corresponding to the three point field goal, where
the hoop is 6.75 m away from the line and 3.05 m high
from the ground (approximately 1.1 m above the arm’s base,
accounting for a player’s height). Figure 2 shows the resulting
workspace and four example trajectories for Ttot = 2 s with
varying release times (δ values).
RL Framework specification

The problem uses the RL framework introduced in Section
III-B, with the following dimensions:

• Observation Space: For this problem, the observation
space is restricted to the 2-D coordinates of the random
target generated for each episode. The agent does not
receive any information about the arm’s physical state,
to keep the agent’s observation minimal and focused
solely on the goal (similarly to the actual information
that the basketball player has before shooting the ball).
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Fig. 2: (Left) Examples of the ball trajectories that can be obtained for Ttot ∈ [0.5, 3] and δ ∈ [0.85, 1]. (Right) Deformed
shapes and trajectories obtained for Ttot = 2s at varying time of δ.

• Action Space: The action space is defined by the
2-dimensional continuous vector [aT , aδ], where aT
represents the action on the total time of the simulation
and aδ represents the release moment.

• Episode Flow: The agent learns through a series of
single-step episodic tasks, where each episode constitutes
a single throw attempt. The environment receives the
action and performs the dynamics simulation of the
soft arm’s motion over the full duration of Ttot. It
then calculates the arm’s tip position and velocity at
the precise moment of release trel, and computes the
subsequent ballistic trajectory of the ball under gravity.

• Reward: Considering the dimension of a basketball
(having a radius of around 12 cm) and the hoop (radius
22.86 cm), the maximum distance between the two that
results in a successful throw is estimated to be 10cm.
The parameter k in the reward function (5) is thus fixed
to 2.2, yielding a 0.8 reward at the success threshold..

The agent employs the Proximal Policy Optimization (PPO)
algorithm, implemented with the Actor-Critic network shared
architecture. The network’s shared path begins with an input
layer that accepts the 2D normalized target position. This is
immediately followed by three sequential, fully connected
hidden layers with 128, 32 and 16 neurons, each using a
ReLU activation function. The critic network processes the
shared features through a fully connected linear layer with just
one neuron, which outputs a single scalar value representing
the estimated total future reward from the current state.

Figure 3 shows the learning progression of the PPO agent,
showing the average reward as a function of training episodes.
The top plot shows the initial training phase with a learning
rate of 10−4 and a clip of 0.1. The bottom plot shows the
fine-tuning phase with a reduced learning rate of 10−5 and
a clip of 0.02. All simulations are performed in MATLAB
using the Reinforcement Learning Toolbox.
1) Results

After training and fine-tuning, the PPO agent is tested
on 1000 random targets obtained within the considered
workspace.

Figure 4 presents one example of the ball trajectory, with
the corresponding deformed shape of the arm at the releasing
moment, under the actuation provided by the agent for a
specific target. For comparison, the figure also shows the
trajectory that is obtained performing an FEM simulation

Fig. 3: Agent’s learning progress: average reward during
the initial training (top) and the continued learning during
the fine-tuning phase (bottom). The plot use a 100-episode
moving average to smooth the data and highlight the learning
curve.

in Abaqus. To simulate the soft arm, we utilized 100 linear
elastic beam elements, with the first element constrained to
a revolute joint and a vertical force (representing the ball)
applied on the terminal edge of the 100th element. A large
displacement analysis was performed in two steps: 1) a static
simulation to apply all the external forces (gravity and weight
of the mass) and 2) a dynamic implicit simulation where the
revolute rotation is imposed as a boundary condition.

Figure 5 presents the performance evaluation of the
RL agent based on its prediction accuracy. The histogram
categorizes the 1000 targets by their final distance from the
goal, with the labels indicating the percentage of total targets
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Fig. 4: Example of the trajectory obtained using the actuations provided by the PPO agent, for one of the random tested
targets. For completeness, the trajectory obtained by FEM simulations performed in Abaqus is also presented in blue.

Fig. 5: Distribution of the RL agent’s prediction error across
1000 test targets. Each bar represents the percentage of targets
whose final position was within a specific distance interval
from the intended goal, demonstrating the agent’s overall
accuracy. Success is considered when the distance is lower
than 10cm (the ball enters the hoop).

that fall into each accuracy bracket. More than 55% of the
predicted trajectories were located between 0 and 1 cm of the
goal target. As mentioned before, we can estimate that the
ball enters the hoop when the distance is lower than 10cm,
thus the success score on these experiments is 100%.

B. Pick and place (double step)
The second problem focuses on a multi-step episode

involving a two-phase ’pick and place’ task. The soft arm is
actuated by both the revolute joint at the base and one tendon
routed inside the arm, maintained at a constant distance of 2.5
cm from the midline. The task consists of two phases. Phase
1 (Pick): The joint rotates and the tendon is pulled to guide
the arm’s tip to a target object. Phase 2 (Place): The arm then
rotates in the opposite direction to reach a distant drop-off
position. To simulate a smooth approach, the revolute joint’s
rotation follows a sinusoidal velocity profile, accelerating
during the first half of the movement and decelerating as it
approaches the target.

The agent is trained to learn the final rotation angle of the
base, αFi,j

and the required tendon actuation force Ti,j for
the two steps (i, j = 1, 2).
RL Framework

The state RL Environment for this experiment is defined
as follows:

• Observation Space: The environment’s state is a 9
element vector, comprising the arm’s state (6 values from
the strain basis and velocities), the 2D target coordinates,
and the current step indicator.

• Action Space: The agent provides a 2-element action:
a target angle for the base joint and the tendon pulling
force. These actions are scaled to a maximum angle of
π and a maximum force of 30 N. To respect physical
actuation constraints, the normalized action for the
tendon is mapped to a non-negative range [0, 30] N,
ensuring the controller accounts for the unilateral nature
of tendon actuation.

• Episode Flow: Each episode consists of two sequential
steps of 5 seconds, where the final state of Step 1 serves
as the initial condition for Step 2.

• Reward: In the reward function (5), we set k = 4.46,
corresponding to a 0.8 reward for each step when the
distance is 5cm. The episode terminates after the second
step is completed.

For this problem, the actor network has a body consisting of
two fully connected hidden layers (128 and 32 neurons with
ReLU activations), which is mirrored by the critic network’s
body: two hidden layers (also 128 and 32 neurons), followed
by a single linear output neuron that estimates the state value.
1) Results

Figure 6 presents the dynamics of the soft arm for the
two steps as predicted by the agent’s action policy. It can be
observed that, in the first step, the agent defines a control
policy where the arm is initially rotated and the pulling force is
increased to position the tip near the target. In the second step,
the revolute joint returns toward the reference position while
the tendon force is further increased. Table I details the target
and the tip positions at each step. While both steps resulted in
errors below 10% of the arm’s length, the first step achieved
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Fig. 6: Dynamics of the soft robotics arm for both the steps
forming Problem 2, obtained with the actuation provided by
the PPO agent.

higher accuracy (2% error). The relatively higher error in the
second step is attributed to compounded error propagation,
as the second phase is initialized from the terminal state
of the first and any minor positional deviations or residual
oscillations from the initial movement accumulate. Despite
this, the results demonstrate the framework’s effectiveness
for sequential, multi-step tasks.

Xtarget Ytarget Xtip Ytip Distance
[m] [m] [m] [m] [cm]

Step 1 0.884 -0.344 0.866 -0.342 2.02
Step 2 -0.675 -0.707 -0.623 -0.641 8.52

TABLE I: Position of the targets and of the soft arm tip
obtained by the actuation from the RL agent, and their
distances.

V. CONCLUSIONS

This paper presents a reinforcement learning approach that
leverages a physics-based model for the control of soft robots.
It combines the accuracy of the GVS approach with the power
of machine learning, offering a general framework applicable
to a wide range of applications. We performed experiments
in both single-step and multi-step scenarios, with a 100%
succes rate for the single-step task and around 8.5% errors for
the multi-step task. Current literature combining soft robotics
with RL often relies on either overly simplified or purely data-
driven models. While the former compromises model accuracy
and widens the sim-to-real gap, the latter requires extensive,

time-consuming data collection and often lacks generalization.
In contrast, our use of a physics-based modeling tool enables
us to accurately depict the complex nonlinear behaviour that
lies the foundation of the soft robotics paradigm.

While these simulation results establish a high-performance
baseline, the primary limitation remains the lack of validation
on a physical manipulator, which represents the immediate
next step for this research. Future work will also expand
the framework to 3D scenarios, dynamic stabilization, and
obstacle avoidance.
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