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Abstract— The automatic manipulation of Deformable
Linear Objects (DLOs) remains currently a challenge in
robotics. Previous research on robotic DLOs manipulation has
primarily addressed quasi-static DLO manipulation at low
speeds, leaving the potential of dynamic DLO manipulation
largely unexplored. This paper introduces DynDLO, a goal-
conditioned, 6-axis robot-independent Reinforcement Learning
sandbox for training agents on a variety of DLO dynamic
manipulation tasks. In DynDLO, a DLO attached to the
robot Tool Center Point (TCP) is simulated in the MuJoCo
environment. By employing a B-Spline based trajectory
generation function, the agent is capable of learning single
and multiple step trajectories for the TCP, which succeed in
various DLO dynamic manipulation problems. Specifically,
we propose tailored design strategies for the reward function
according to the classification of tasks into implicit or explicit
DLO shape control tasks. Experiments on four representative
tasks demonstrate that DynDLO is capable of generating
dynamic manipulation policies that transfer successfully from
simulation to the real world, achieving high success rates
without requiring real-world training.

Link to the video: https://youtu.be/-W3tKXyenO4
Link to GitHub page1

I. INTRODUCTION

In recent years, robotic research has directed its attention
to the manipulation of deformable objects and, in particular,
to Deformable Linear Objects (DLOs), elements such as
cables, wires and hoses. Even though many studies have
been conducted on the manipulation of DLOs for different
applications such as shape control [1], [2], motion planning
for obstacle avoidance [3], [4], and environmental contact
exploitation [5], most of them rely on the assumption of
quasi-static manipulation. In these works, task execution is
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(a) TCP rapidly accelerates and
cable lags behind.

(b) Abrupt vertical motion of
the TCP swings the cable tip
upwards.

(c) The cable tip successfully
hits the target.

(d) Target moves from original
position.

Fig. 1: Robotic arm executing a policy learned in DynDLO
for a dynamic Tip Control Task, accurately hitting the target.
Snapshots of the learned and executed Cartesian trajectory
are shown, each accompanied by a brief description.

constrained to low velocities, ensuring that dynamic effects
of the DLO (such as oscillations and whipping) remain
negligible. The DLO dynamic manipulation (i.e. involving
fast motions) remains an under-explored problem, where
learning-based approaches offer significant advantages over
classical model-based methods, which are often hindered by
model complexity and high computational cost [6]. Among
all the possible learning methodologies, this work focuses
on Reinforcement Learning (RL), which is preferred over
Imitation Learning due to its ability to obtain optimal policies
for tasks that are challenging even for humans.

More in detail, this work introduces DynDLO, a RL
sandbox designed to train agents in planning Cartesian-
space trajectories for a variety of dynamic manipulation
tasks involving a DLO characterized by low stiffness. Fig. 1
shows an example of a RL agent trained with DynDLO
executing a dynamical DLO tip control task to hit a target.
In DynDLO, the agent is represented by the robot gripper
Tool Center Point (TCP), which can hold either one end
of the DLO (single-arm configuration) or both ends (dual-
arm configuration). This formulation enables the learning
of policies that generate Cartesian trajectories in a robot-
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independent way for any 6-axis manipulator. In particular, as
detailed in the following sections, we define specific reward
terms and introduce an inverse kinematics strategy to prevent
singularities during real-world trajectory execution.

Following the task taxonomy introduced in [7], we dif-
ferentiate between explicit shape control tasks (e.g., DLO
oscillation minimization) and implicit shape control tasks
(e.g., tip control, vaulting, hooking). Explicit shape control
aims to bring the DLO to a desired shape, while implicit
shape control focuses on achieving a target configuration
that inherently requires the DLO to deform. Based on this
classification, we propose tailored reward design strategies
within DynDLO for each task type.

As we show in this work, DynDLO can generate dynamic
manipulation policies that transfer successfully from simula-
tion to the real world, without requiring real-world training.
Note that training in simulation makes the problem robot-
independent, and avoids real-world learning issues, such as
potential robot wear and damage during exploration, time-
intensive experiments and measurement uncertainties. More-
over, real-world training for DLO dynamic manipulation
would require a precise and high-frequency state estimation
strategy, which remains an open challenge [8].

Summarising, the main contributions of this paper are the
following ones:
1) The introduction of a 6-axis robot-independent RL sand-
box capable of training agents for both implicit and explicit
DLO shape control tasks;
2) The definition of a B-spline–based parametrization strat-
egy for trajectory generation that leverages position and time
increments to provide a simple, low-dimensional action space
A, while still enabling the definition of complex trajectories
p(t) ∈ C2. This formulation supports both single-step and
multi-step episode policies.
3) The definition of a strategy for the design of the reward
function according to the taxonomy of tasks into implicit or
explicit DLO shape control tasks.

The remainder of this work is organized as follows.
Section II presents the state of the art regarding DLO
dynamic manipulation. In Section III, the DynDLO sandbox
is described and its main features are detailed. In Section
IV, the main differences between single and multiple steps
episode policies are highlighted. Section V presents the
obtained results both in simulation and real world. Finally,
conclusions are drawn in Section VI, and hints for future
works are provided.

II. RELATED WORKS

In the context of DLOs dynamic manipulation, there are
works that rely on dynamical models of the cable to design
control strategies. For example, the DLO model detailed
by [18] is exploited in [9] and [10] aiming to damp cable
oscillations using a fuzzy controller to perform an optimal
lifting action and a Sliding Mode Controller, respectively.
Authors of [11], [12] used flatness-based control to make
one end of a DLO follow a specified path. However, the
considered strategies are complex, and their validation is

provided only in simulation.
Nah et al. [13], used the DIRECT-L optimization algorithm
[19] to learn the joint trajectories for a 4-degrees-of-freedom
(DoF) robot which manipulated a whip to strike a target with
its tip by leveraging a simplified whip model with 50 DoF.
Recent works on dynamic manipulation of DLOs concentrate
instead on model-free and data-driven techniques that allow
a faster computation of the control action, enabling online
re-planning, but usually require an extensive initial training
phase where the control policy has to learn how the manipu-
lated DLO interacts with the environment. For example, Chi
et al. [14] used a neural network which iteratively adjusted
the trajectory for a robot to make a whip hit a target, while
in [15], a policy was trained to select the apex point for an
arcing motion which allowed to manipulate a DLO to vault
dynamically over obstacles and to complete other tasks.
In this setting, approaches for DLO dynamic manipulation
based on Reinforcement Learning (RL) are particularly in-
teresting as they allow to train policies in simulation, which
can then be deployed to real hardware. For example, Chen
et al. [16] used a RL agent trained only using the MuJoCo
[20] simulation engine to learn the apex point for a Cartesian
robot trajectory which, after execution, resulted in a wire
to be precisely flung between two obstacles. Real-world
experiments demonstrated that the policy trained only in
simulation can be directly applied to a real robot without fur-
ther training. Zhaole et al. [17] developed DexDLO, a goal-
conditioned RL simulation framework that, together with
a pose regularized reward function structure, was capable
of training policies to control a Shadow Hand to complete
various DLO dexterous manipulation tasks.
Inspired by [16], [17], this paper introduces DynDLO, a 6-
axis robot-independent RL sandbox which allows to train
agents capable of devising smooth Cartesian reference tra-
jectories. Once executed, these trajectories allow to complete
various DLO dynamic manipulation tasks. Within this frame-
work, it is possible to easily switch between implicit and
explicit shape control tasks and a trajectory parametrization
strategy allowing the generation of complex trajectories with
a low dimensional action space. This reduces the learning
time and makes DynDLO more flexible than [15], [16].
Moreover, DynDLO is able to train agents both in a single
step episode fashion, like [15], [16], and in a multiple
step one, like [17]. Single step approaches are particu-
larly useful for sim-to-real transfer evaluation as single-
step episode agents only need an initial observation of the
DLO state to devise a trajectory. Finally, RL trained policies
are evaluated in a real experimental setup to assess their
sim-to-real transfer performance, whereas [17] only presents
arguments on how their approach might help bridge the sim-
to-real gap. Table I summarizes the main difference of the
proposed methodology involving our framework, DynDLO,
with respect to the most relevant works in the literature.

III. DYNDLO FRAMEWORK

In a RL framework, the agent selects an action a(t) ∈ A,
where A is the action space, to bring an environment from
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Work Strategy Innovation Drawbacks Validation Robot
[9] Fuzzy controller for lifting action Optimal lifting for damping vibrations Complex, planar and low damping effect Simulation TCP

[10] Sliding Mode Control Robust and general strategy for damping Complex, planar Simulation TCP
[11], [12] Flatness-based control Cable end point position under control Complex and not extendable to dual-arm case Simulation TCP

[13] DIRECT-L algorithm Smooth joint motions capable tonachieve dynamic manipulation Only single step solutions, high computational cost Simulation 4 DOF
[14] NN-Delta Dynamics Adaptability to environment changes Single-task oriented and not single-shot Real World Sim: TCP(s); Real: Single Arm
[15] RL in real world No model, high success in reality Time consuming learning phase Real World Sim: //; Real: Single arm
[16] RL in simulation Fast learning and direct transfer Predefined trajectory shape Real World Sim: Single Arm; Real: Single Arm
[17] RL in simulation General purpose reward function Observation redundancy Simulation Hand

DynDLO RL in simulation 6-axis robot-independent general-task sandbox No robot bulk and joint limits considered Real World Sim: TCP(s); Real: Single Arm

TABLE I: Summary of the comparison of DynDLO with relevant existing methodologies.

(a) Tip Control. (b) Vaulting.

(c) Hooking.

Fig. 2: TCP(s) and DLO in the DynDLO environments in
MuJoCo for single and dual arm tasks.

the state s(t) to the state s(t+1) and receives from it the
observation at the next time step o(t + 1) ∈ O, where O is
the observation space, and a reward r(t) ∈ R. The objective
is to maximize the cumulative reward over time. In this Sec-
tion, the main elements composing the proposed DynDLO
sandbox are defined and accurately described according to
the several considered tasks.

A. Environment

Training of RL agents in real-world environments suffers
from data inefficiency, slowness and risk of hardware wear.
In order to overcome these issues, we create a simulated
environment in MuJoCo [20]. As Fig. 2 shows, the environ-
ment presents two main components: the gripper TCP and
the cable. The robot is not introduced on purpose, in order
for the learnt policy to be independent of the type of the
6-axis robot and to reduce the computational cost caused by
calculating inverse kinematics for each point of the Cartesian
trajectory. Feasibility of the learned trajectory when deployed
on the real robot is achieved by imposing specific reward
terms and adopting a specific inverse kinematics solver (see
Sections III-D and V).
The robot’s TCP is represented as a sphere to which the
cable is rigidly attached. This simulated gripper has 6 DoFs,
and is moved along the three Cartesian directions by using
cascaded position-velocity control loops while its orientation
is kept fixed. This choice was made in order to keep the

dimensionality of A and O small, thereby reducing compu-
tational time, and because high performance is achieved by
learning only Cartesian position trajectories (see Section V).
Nevertheless, the framework can be extended to also control
gripper rotation.
The cable is the most challenging component, and accurately
modelling its behaviour is crucial to reducing the sim-to-
real gap and ensuring real-world applicability. The DLO
is modeled as in [16], using the Discrete Elastic Rods
(DER) theory. Particularly, the DLO is built as a chain of
rigid bodies connected through spherical joints, meaning
that this modelling strategy captures bending and torsional
strains, which are fundamental for dynamic manipulation, but
does not account for axial strain, as its impact on dynamic
manipulation is negligible. This model requires selecting an
appropriate number of elements to minimize the reality gap
while avoiding excessive computation. This number is set
on the basis of cable length: for a 50 cm cable it is equal to
nbodies = 20, while it is nbodies = 60 in case of 90 cm long
cable.
The scenario described above can be easily extended to the
dual arm case by introducing a second gripper holding the
other cable end, as shown in Fig. 2.
Four different tasks are used as benchmarks for DynDLO:
I) Tip Control (implicit shape control): the manipulator
firmly grasps one end of a 50 cm long DLO and has to whip
the cable to make its tip hit a spherical target of diameter
Dtarget = 5 cm placed at a point P∗, as shown in Fig. 2a;
II) Vaulting (implicit shape control): one end of the cable
is fixed to the manipulator’s TCP while the other one is
attached to a support. The robot has to make a 90 cm cable
vault over a static obstacle (a box of dimensions 4× 8× 14
cm) to make the DLO middle section land on the other side,
as illustrated in Fig. 2b;
III) Hooking (implicit shape control): the DLO is firmly
grasped at its extremities by the grippers of a dual-arm
manipulator. The goal of this task is to swing a 50 cm cable
in order to attach it to a static hook (see Fig. 2c);
IV) Time and Oscillations Minimization (explicit shape
control): it is an optimization problem which requires to min-
imize simultaneously the trajectory time and the oscillations
of a 50 cm cable after the motion, which arise at high speed
due to inertia. It can be seen as an explicit shape control task,
where the objective is to have a straight cable at motion end.

B. Observation Space
The structure of the observation space is the same for

all the proposed tasks used to benchmark the DynDLO
framework and it is reported in Table II.
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To further reduce observation space complexity, only the 3D
position of the center of mass of a specific body composing
the DLO chain, named PDLO, is given as observation, while
its velocity is neglected based on what stated in [17].

Observation Dim Domain
Gripper Cartesian position, P 3× ng R3

Gripper Linear velocity, Ṗ 3× ng R3

Position of the section of interest in the DLO, PDLO 3 R3

Target/Obstacle position, P∗ 3 R3

TABLE II: DynDLO observation space: ng is the number of
simulated grippers in the environment.

C. Trajectory Generation and Action Space

The goal of DynDLO is to train RL agents to learn suitable
smooth Cartesian trajectories for the robot’s end-effector to
accomplish various DLO dynamic manipulation tasks. To
achieve this, we employ a Trajectory Generation Function
which uses Cubic Cardinal B-Spline interpolation to define
the path p(u) : R → R3 as:

p(u) =

xd(u)
yd(u)
zd(u)

 =


∑l

i=0 αiB
x
i,3,u(u)∑l

i=0 βiB
y
i,3,u(u)∑l

i=0 γiB
z
i,3,u(u)

 (1)

where Bi,3,u denotes the i-th B-Spline of degree three
derived using the knot vector u = {ui}n−1

i=0 = {u0 ≤ u1 ≤
... ≤ un−1 ∧ ui − ui−1 = 1}, n ∈ N. This results in a
geometric curve parametrized in the knot variable u. As u
takes values between u0 and un−1, all the points on the
geometric path can be obtained. Therefore, by making u
dependent on the time variable t, we are able to construct
a timing law for the motion on the path specified by (1).
To do so, cubic spline interpolation is used to find the mini-
mum curvature interpolating function for the set of points
{(t0, u0), (t1, u1), ..., (tn−1, un−1)}. This way, the timing
law u(t) : R+ → R can be built. The desired Cartesian
trajectory is then simply computed as p(t) = p(u(t)). For
the trajectory generation function to properly work, we need
a way to map agent actions to key points in R3, which
are used to create the geometric path and to the specific
time instants at which each of these points need to be
reached to create the timing law. Since the initial position
of the gripper P0 is taken as observation at each RL step,
which is assumed to start at an arbitrary time instant t0, the
problem reduces to finding n−1 points P1, ...,Pn−1 through
which the trajectory passes and the associated reaching
time instants t1, ..., tn−1. Then, by exploiting the one-to-one
mapping among the n knots u0, ..., un−1 and the n points
P0, ..,Pn−1, the trajectory can be assembled as explained.
Since P0 and t0 are known, each Pi, ti i = 1, ..., n− 1 can
be computed recursively as in (2) and (3) respectively:

Pi = Pi−1 +∆Pi,i−1 i = 1, ..., n− 1 (2)

ti = ti−1 +∆ti,i−1 i = 1, ..., n− 1 (3)

where ∆Pi,i−1 and ∆ti,i−1, i = 1, ...n − 1 are the n − 1
offsets and time intervals between two consecutive points
respectively. Since agent actions are used to compute a

Action Dim Limits
Longitudinal distance ∆xi,i−1 n− 1 [∆xmin,∆xmax] [m]

Lateral distance ∆yi,i−1 n− 1 [∆ymin,∆ymax] [m]
Vertical distance ∆zi,i−1 n− 1 [∆zmin,∆zmax] [m]

Time interval ∆ti,i−1 n− 1 [∆tmin,∆tmax] [s]

TABLE III: DynDLO action space. Notice that ∆Pi,i−1 =
[∆xi,i−1,∆yi,i−1,∆zi,i−1]

T .

trajectory, it is convenient to take the quantities ∆Pi,i−1 and
∆ti,i−1 described in (2) and (3) to define the action space
for DynDLO, which is reported in Table III.

Notice that this choice of the action space implies that
an agent action consists of 3 × (n − 1) spatial increments
and (n−1) time intervals. Therefore, a single-step agent can
only choose a total of 4× (n− 1) values, as only one action
is permitted, while a multiple-step episode agent can select
a larger number of values during an episode thanks to the
re-planning procedure (see Section IV for further details).
Taking as actions the offset between each point instead of
directly the points themselves yields no advantage, but by
choosing ∆ti,i−1 instead of directly ti we avoid having to
perform a sorting operation in the case when ti−1 > ti which
would be seen as added complexity to the environment by the
RL agent. Moreover, for the oscillation-avoidance task (task
IV), the target point corresponds to the final trajectory point.
It is added to the trajectory and the time interval dimension
is increased by one.
In dual arm cases, the action space is the same since grippers
are assumed to move symmetrically.

Task I Task II Task III Task IV
Iavoid ∥P∥ > outreach ∨ ∥Ṗ∥ > vmax ∨ collisioni ∨ ∥P∥xy < εshoulder

ii

Idist ∥P∗ −PDLO∥ > εdist //

Isuccess ∥P∗ −PDLO∥ < εgoal arrivediii ∧ ∥Peq
DLO −PDLO∥xy iv < εoscill

v

Idyn z̄P ≥ Mvi arrived ∧ ∥Peq
DLO −PDLO∥xy < εoscill

Jcost 1 ∥Peq
DLO −PDLO∥xy

TABLE IV: Reward terms for each task. Notice that for tasks
I-III, Jcost = 1 as the optimization problem for these tasks
is simply reduced to a constraint satisfaction problem.

D. Reward Function Structure

The reward function is crucial in guiding the RL agent dur-
ing the learning process. We define two reward functions ca-
pable of generalizing across multiple DLO dynamic implicit
and explicit shape control tasks. This allows the use of the
DynDLO sandbox to train policies for new and unforeseen
tasks with little to no changes to the underlying structure.
The two functions exhibit the same general structure:

rtot = ravoid + rdistance + rsuccess + rdyn (4)

icollision is equal to 1 if zPDLO
< 1.25 cm, 0 otherwise

iiεshoulder = position threshold to avoid shoulder singularity
iiiarrived is equal to 1 if the target point is reached, 0 otherwise
iv∥Peq

DLO −PDLO∥xy = x-y distance of PDLO from equilibrium
vεoscill = oscillation threshold used to speed up minimization
viz̄P is the mean gripper height and M is a threshold
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Each reward term relates to a different aspect and its
definition changes depending on the type of task (implicit
or explicit shape control). In the following, the definition of
each term for both the shape control tasks is provided:
1) Avoidance Reward ravoid:

ravoid = λ1Iavoid (5)

where λ1 < 0.
This reward penalizes all the conditions which must be
absolutely avoided: overcoming the maximum robot outreach
Pmax and its maximum TCP velocity vmax, the cable-floor
contact condition and approach the origin of the scene in the
x-y plane, where robot’s base frame is located (introduced to
avoid shoulder singularities). Iavoid is 1 when at least one of
the conditions is true and zero otherwise. This term is used
to derive a control policy which is feasible to transfer on
a real manipulator and to avoid unnecessary exploration in
case of undesired situations. This term is the same for both
the functions;
2) Distance Reward rdistance:

rdistance =

{
λ2Idist if implicit task
λ2

∑
∆ti,i−1 if explicit task

with λ2 < 0 and ∆ti,i−1 are the time intervals defined in
Table III (definition of Idist in Table IV) .
It is a term used to penalize the distance from the desired
goal P∗. For implicit control tasks, it is used to guide the
agent towards the goal; for explicit control ones, it is used
for time minimization;
3) Success Reward rsuccess:

rsuccess = λ3Isuccess (6)

where λ3 > 0.
This term rewards the agent with a bonus if the task is
completed successfully. Isuccess is 1 whenever the intended
dynamic manipulation action is successfully completed and
zero otherwise;
4) Cable dynamics Reward rdyn:

rdyn = λ4JcostIdyn (7)

with λ4 < 0 (Jcost and Idyn specified in Table IV).
This term is related to the dynamics effects of the DLO. For
task IV, it is proportional to oscillation amplitude, while for
the other tasks it is used to enforce the agent to exploit cable
dynamics.
In the end, it is essential to specify that, for implicit shape
control tasks, all terms are evaluated only once at the
episode’s end, while they are evaluated at each step for the
explicit shape control one, except for rdistance. In this way,
terms cumulate over time and yield a reward gradient that
assists the RL algorithm (see Section III-E).
Table IV summarizes the definition of each reward term
parameter for the four considered tasks.
Properly tuning the weights λi is crucial for the agent to learn
the desired task correctly. As a rule of thumb, one should
choose λ3 ≫ |λ2| , |λ4| so that if task success is achieved, the

agent receives a total reward rtot > 0. In task IV, attention
has to be paid in tuning λ2 and λ4 properly so that time
minimization and oscillation suppression reward terms have
the same weight during learning.

E. RL Algorithm selection

Depending on the type of task (implicit or explicit shape
control), a different RL algorithm must be adopted. For
explicit shape control tasks (e.g. tasks I, II, III), we use
the Proximal Policy Optimization (PPO) algorithm imple-
mented in StableBaselines3 [21] with default settings to
train agents. In implicit shape control tasks, where it is
required to optimize the way the goal is reached, the best
result will be obtained by adopting a learning algorithm that
is able to efficiently explore the environment to find the
global optimum. For this reason, the Soft Actor-Critic (SAC)
algorithm from StableBaselines3 [21] with default settings is
selected for Task IV.

IV. SINGLE AND MULTIPLE STEP STRATEGIES

One of the main advantages of DynDLO is the possibility
to select between single-step and multi-step episode strategy.
Both of them present strong points and weaknesses.

A. Single step episode strategy

In this strategy, the agent provides the trajectory at the start
of the episode, and it is nevermore called: it performs only
one action and receives the cumulated reward at the episode
end. The agent practically acts as a planner and the trajectory
is performed in an open loop fashion, as in [16]. The strength
of this method lies in the faster training with respect to the
multiple step one and in its simplicity, since it requires only
the DLO initial configuration and target/obstacle position.
The main drawback lies in the open loop nature of the
strategy, which prevents any recovery of the error given
by the gap between the simulated and the real cable and
makes the error accumulate over time. Improvements can be
obtained by correctly identifying cable parameters that are
crucial for dynamic manipulation in order to reduce the sim-
to-real gap.

B. Multiple step episode strategy

The multiple step episode strategy calls the agent at a
given frequency in order to re-plan the trajectory on the basis
of the actual observations o(t+1) ∈ O. The final performed
trajectory will be a sequence of different trajectory segments
elaborated at different times according to the observed states
of PDLO. The great advantage is given by the possibility
of receiving feedback from the real cable and using it to
adjust the TCP motion, making the solution more robust with
respect to model uncertainties. However, observing in real-
world scenarios PDLO during high-speed manipulations is
challenging. Strategies based on Deep Neural Networks for
fast DLO state estimation, building on the work of [22],
could be developed, but they remain an open challenge. Due
to this problem, the multi-step episode agent has not been
tested in real-world in this work.
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V. RESULTS

For all tasks, training is performed using a PC with an
Intel(R) Core(TM) i7-9850H 2.60GHz CPU with 64 GB of
RAM and a NVIDIA QUADRO RTX300 GPU. To speed
up computations, GPU acceleration is used simulating eight
environments in parallel. Considering the trade-off between
computational effort and need of well-shaped trajectories
to achieve the tasks, the number of intermediate trajectory
points used by the Trajectory Generation Function is selected
to be 3 and only planar movements of the manipulator are
considered, in the same way as [14] and [16]. For the sake
of reproducibility, parameters and thresholds of the reward
function for each task are reported in Table V.
In the following, simulation results from single-step episode
policies are shown for all the described tasks. For the
purpose of showing the potentiality of the multi-step episode
strategy, the outcome from a multiple-step episode scenario
is also presented. Then, learnt policies for tasks I-II-IV are
deployed in real world and achieved performances using a
real manipulator are detailed. Policy for task III has not
been transferred on a real dual arm robot, but considerations
similar to those reported in V-B are valid also for this case.

Task I Task II Task III Task I Multi-step Task IV

λ1 -5 -10 -10 -50 -50

λ2 -1 -1 -1 -1 -3

λ3 10 10 10 100 1.5

λ4 -1 -2 -2 -1 -2.5

εgoal 0.01m //

M 0.75m 0.3m 0.3m 0.75m //

εoscill // 0.05m

outreach 0.9m

vmax 1.8m/s

εshoulder 0.25m

TABLE V: Reward function coefficients.

A. Simulation results

In the single step episode case, RL agents for tasks I and
III are trained for 4·105 and 105 timesteps respectively, while
for task II the process is limited to 6·104 timesteps. Based on
the algorithm’s working principle SAC requires much more
learning time-steps with respect to PPO. As a consequence,
RL agent for task IV in single step is trained for 1.5 · 106
timesteps.
For task I (both single and multi step episode), the target
position in the environment is randomized in a range of
20 cm (ensuring also that distance from TCP is sufficiently
high), while in other tasks all positions are kept constant.
The training results are shown in Fig. 3.
Tasks I-III, Single-step: as Fig. 3a, 3b, 3c show, the
DynDLO sandbox proves capable of training agents to devise
trajectories that, once executed, are capable of dynamically
manipulating DLOs to complete the implicit shape control
tasks. All training procedures exhibit an initial plateau ac-
companied by negative rewards. This is attributed to con-
straints on end-effector velocity and position being enforced
using the avoidance reward described in (5), requiring agents
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(a) Single-step Tip Control.
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(b) Single-step Vaulting.
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(c) Single-step Hooking.
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(d) Multi-step Tip Control.

Fig. 3: Success rate and mean reward per episode for agents
trained for tasks I-III.

to spend training time to understand what the robot limits
are. After this phase, success rates and rewards increase
almost exponentially to the maximum values. The capability
to correctly train agents even on multiple-step episode envi-
ronments for implicit shape control is then tested by training
an agent for task I for 5 · 106 time-steps, as detailed in the
following.
Task I Multi-step: the learnt policy not only achieves a
success rate close to 100% in the proposed task but also al-
lows the benchmark of the trajectory re-planning mechanism,
which proves capable of modifying the gripper trajectory
without introducing significant discontinuities. By comparing
Fig. 3a with Fig. 3d, we can see that the multiple step episode
agent achieves a slightly better success rate in the proposed
task thanks to its re-planning capabilities. Furthermore, one
may notice that the multiple step episode agent for task I
presents two plateaux during the training phase. This is due
to the re-planning mechanism which intervenes to modify
the TCP trajectory every 0.04 s. However, in some cases, this
does not allow the cable tip to hit targets placed further away
from the initial gripper position, as the policy settles on a
local maximum (first plateau), which corresponds to an agent
capable of hitting only targets which are sufficiently near.
Nevertheless, by continuing training, the agent is capable of
escaping this local maximum and converging to an optimal
policy. This allows for larger manipulator motions, with
the possibility of finding an optimal policy avoiding local
maxima.
Furthermore, comparing Fig. 3a and 3d with Fig. 3b and
3c, one may notice that the former present a larger variance
both in the mean reward per episode and success rate during
training. This is because, both in the case of multiple and
single step episode Tip Control, the position of the target
with respect to the robot TCP is randomized in the simulated
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scene. This increases the complexity of the RL environment,
leading to noisier training metrics, but it also makes the
agent robust with respect to uncertainties in target position
and capable of devising trajectories to hit targets placed in
different locations.
Task IV Single-step: explicit shape control agents are
trained in two different situations: in the first one, the target
lies above the starting point; in the other, below it. The
second scenario has been introduced in order to show the
ability of RL to deal with more complex challenges, since
downward movements cause the transformation of potential
energy into kinetic energy, making the vibration control
problem more troublesome.
The results are extracted from a deterministic policy (the
agent performs always the same action), since even very
small variations in actions can have severe consequence on
performance (over 50 tests, the oscillation amplitude exhibits
a mean and standard deviation of 6.01 cm and 3.43 cm,
respectively). Results show that minimization is achieved
successfully: in the first case, the target, that is 0.55m far
from the TCP, is reached in tuptraj = 1.35 s with a maximum
residual oscillation amplitude of oscillupsim = 1.34 cm, while
in the second one, the trajectory time is tdown

traj = 1.468 s
(TCP-target distance equal to 0.412m) and the maximum
recorded oscillation amplitude is oscilldown

sim = 1.00 cm.
Single-step episode policies trained using the simulation
environment for tasks I, II and IV are tested on a real exper-
imental setup to assess the sim-to-real transfer capabilities
of DynDLO and to compare their performance with other
methods.

B. Real-World experiments

The trained agents in DynDLO define reference trajecto-
ries in the operational space of the manipulator. The cor-
responding joint trajectory references are computed through
kinematic inversion using the TRAC-IK algorithm [23] with
solver of type “Manipulation1” and seed equal to the so-
lution obtained at the previous step in order to avoid wrist
singularities and configuration changes.
The resulting joint trajectories are provided as input to an
ABB GoFa CRB 15000 − 5/0.95 robot grasping a cable
with length l = 50\90 cm (depending on the task), mass
m = 10 g and Young’s modulus E = 2 · 106 Pa, obtained
with a simple tensile test assuming elastic behaviour.
Task I Single-step: the policy performance is assessed
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(a) Target up case

1.6 1.8 2.0 2.2 2.4 2.6
Time [s]

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

Os
cil

la
tio

n 
am

pl
itu

de
 [m

] simulation
real-world
lifting action

(b) Target down case

Fig. 4: Residual oscillations for task IV (single step episode).

(a) DLO rest configuration. (b) DLO dynamics are excited.

(c) Motion abruptly ends. (d) Succesful vaulting.

Fig. 5: Experiments on the Vaulting task demonstrate that
the correct dynamic action is learnt, even though joint limits
prevents an adequate sim-to-real transfer.

by conducting ten experiments where the target position
varies inside the randomization range used for training in
simulation. Results show that the learnt policy is able to
generate smooth trajectories which can be easily tracked by
the robot’s end-effector (Fig. 1) resulting in task success
in 9/10 − 90% of the cases. These results highlight how
agents trained using DynDLO can be effectively deployed to
real manipulators without the need for re-training. Moreover,
with respect to [14], which needs to create a huge dataset
and has to make attempts every time the goal is shifted,
our agent trained with RL is able to immediately adjust the
trajectory depending on the goal position, also attaining a
higher success rate than [16].
Task II Single-step: performed experiments show that some
trajectories from the RL agent cannot be followed by the
real robot with the obstacle considered in the DynDLO en-
vironment, resulting in task failure. This flaw arises because
the provided limits at the end-effector do not guarantee that
limits on joint velocities and accelerations are also satisfied.
Nevertheless, by reducing the obstacle’s height for the real-
world experiments, we can appreciate that the agent is still
capable of correctly performing a dynamic vaulting action
as shown in Fig. 5. However, the single step episode agent
is only able to achieve a 5/10 − 50% success rate in the
experiments conducted on the simplified setup as compared
to one obtained in simulation (Fig. 3b), which is close to
100%. This sim-to-real gap arises due to a mismatch in the
properties of the two cables adopted in the experiments (E
is estimated considering the 50 cm long cable) and due to
limitation of the cable model to accurately represent this
more complicated configuration.
Task IV Single-step: the agent performance in the real
scenario is evaluated through the difference between the
expected residual oscillations and the actual ones, which
are shown in Fig. 4 (red and blue lines, respectively).
Since oscillations in real world experiments exhibit a max-
imum amplitude of oscillupreal = 1.417 ± 0.0732 cm and
oscilldown

real = 1.8087 ± 0.0684 cm (over 10 tests), it is
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possible to conclude that agents trained only in simulation
can be directly transferred on the real robot. The sim-
to-real gap is still present, particularly in the target-down
scenario, but its impact on the final results is minimal, with
a maximum deviation of less than 1.0 cm.
Due to the lack of a baseline for comparison (as the other
methods proposed in the literature are tested only in simu-
lation, see Table I), the agent performance is compared with
a geometrically defined lifting action: a linear path bringing
the end effector 20 cm below the goal (or at z = 55 cm if
the goal is too close to the floor) and then a fast upward
movement, with a trajectory time equal to the one learned
in DynDLO. Results show that RL agents outperform the
geometric agent in both the situations (Figure 4, blue and
black lines).

VI. CONCLUSIONS

In this paper, we presented DynDLO, a RL sandbox that
allows training single and multiple step episode agents to
perform various DLO dynamic manipulation tasks. The pro-
posed framework allows RL agents to generate smooth tra-
jectories for DLO dynamic manipulations, effectively achiev-
ing success across multiple tasks. Experiments conducted
with four different benchmark tasks show that DynDLO
can be used to generate policies which can be directly
deployed to real manipulators without the need for re-
training, contributing to bridging the sim-to-real gap. Future
improvements will focus on the evaluation of the robot’s
bulk and accelerations at the joint level to enforce possible
constraints on these quantities, with the goal of avoiding
the issues observed during the real-world deployment of the
policy for Task II.
Moreover, randomizing cable parameters inside a limited
range can improve performances by making RL agents
robust with respect to small estimation errors. Additionally,
a suitable vision-based DLO tracking algorithm capable of
tracking fast cable motions needs to be developed. This
would enable the possibility of an effective implementation
of multiple-step agents with real robots, contributing to
bridging the sim-to-real gap.
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