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Abstract

Cable-driven parallel robots (CDPRs) present diverse configurations and complex control challenges, which can be addressed by
deep reinforcement learning (DRL) by learning their nonlinear dynamics. However, DRL methods often require extensive training
time, and the resulting policies do not generalize well to different robot configurations or varying numbers of actuators. In this
article, we introduce a novel DRL approach for controlling CDPRs that does not depend on the specific robot configuration. Our
method trains an actuator-level policy that controls each motor to achieve its target cable length, in contrast to conventional DRL
approaches that learn to control the entire robot to reach a desired end-effector position. To the best of our knowledge, this is the first
work to apply DRL to control CDPRs using an actuator-level policy. This approach offers two main advantages: (i) a single shared
policy can be applied to any CDPR configuration, regardless of actuator count, and (ii) reliance on inverse kinematics, avoiding
the more challenging forward kinematics problem. Training is performed in simulation, and the learned policy is successfully
transferred to a real CDPR. Experimental results show that the actuator-level policy (ALP) surpasses traditional reinforcement
learning methods in both robustness and precision. We further control a real 8-motor CDPR with 3D motion using a policy
trained on a simulated 4-motor planar CDPR operating in 2D. This illustrates that the proposed method is applicable to any CDPR
configuration, independent of actuator number or placement.

Keywords: cable-driven parallel robots, deep reinforcement learning, generalization, actuator-level policy, robot control, transfer
learning, inverse kinematics

1. Introduction

Cable-driven parallel robots (CDPRs) have garnered consid-
erable interest in recent years due to their wide range of appli-
cations, including medical rehabilitation [1], manufacturing as-
sembly tasks [2], construction [3], and logistics for sorting and
packaging [4]. This diversity of applications brings a variety
of control challenges, for which Deep Reinforcement Learning
(DRL) has emerged as a promising solution, thanks to its ability
to capture the complex, non-linear dynamics involved in CDPR
control. Some researchers have combined DRL with classical
control strategies, while others have relied solely on DRL. For
example, in [5, 6], the authors employ the DDPG algorithm to
learn a control policy for a CDPR, where the resulting policy is
represented by a neural network that takes the robot’s state as
input and outputs the torques to be applied to its actuators.

However, the use of DRL for controlling CDPRs is not with-
out challenges. One major difficulty is the significant training
time required to obtain an effective policy. Moreover, with cur-
rent state-of-the-art methods, the learned policy often cannot
be applied to robots with a different number of actuators, which
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is a major limitation since the number of actuators may vary
between applications. Even when the actuator count remains
the same, the policy may not generalize well to different robot
configurations, such as changes in mass or actuator positions.

Several approaches have been proposed to address this limi-
tation, including domain randomization [7] and transfer learn-
ing [8]. However, these methods are less effective when the
input space itself changes.

A recent innovative approach to generalization, "Gato," was
proposed by [9]. Gato uses a single network with shared
weights to perform a wide range of tasks, such as playing
Atari, captioning images, chatting, and controlling a real robot
arm, by deciding based on context whether to output text, joint
torques, button presses, or other tokens. While promising, Gato
requires a very large neural network and often needs fine-tuning
for specific tasks, making it impractical for many applications.
Furthermore, Gato achieves expert-level performance on only
180 out of 604 simulated control tasks.

While solving the generalization problem for large-scale con-
trol tasks, as attempted by Gato, may be an ultimate goal for
the robotics community, it is also important to develop more
efficient and practical solutions for specific classes of robots,
such as Cable-Driven Parallel Robots (CDPRs). CDPRs are
particularly suitable for studying generalization because their
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fixed-frame actuators allow for many possible configurations
with varying numbers of actuators, resulting in different input
spaces. This makes the generalization challenge both more dif-
ficult and more interesting to address. In this paper, we propose

Figure 1: Two-DOF point-mass CDPR with four cables. Here, lk is the length
of cable k, Ak is the position of motor k, and p is the position of the end-effector.

a new approach to address the generalization problem in the
control of CDPRs. Our method is based on learning a policy at
the actuator level rather than at the robot level. We name this
approach "actuator-level policy" (ALP). It could be described as
a multi-agent system in which each agent controls a single ac-
tuator. The learning is centralized, with a shared policy among
all agents, but execution is decentralized, as each agent operates
based on its own state and action. The only coordination occurs
when computing the target length for each cable, which is de-
termined using the robot’s inverse kinematics and the desired
end-effector position, ensuring all actuators share the same ob-
jective: moving the end-effector to the target.

The main advantage of this approach is that the learned pol-
icy can generalize to robots with different numbers and posi-
tions of actuators, since the policy is trained to control an actu-
ator in any position, rather than relying on the full robot state.
We evaluate our approach on simulated CDPRs with varying
actuator counts and on a real robot with eight actuators. Re-
sults show that the ALP approach outperforms conventional re-
inforcement learning methods, as it enables control of a wide
range of CDPRs using a single policy trained on a four-actuator
robot (see Figure 1). Additionally, it surpasses classical con-
trol methods because it does not require direct measurement of
the end-effector position—which is often unavailable without
a motion capture system—and is more robust to errors in ca-
ble length measurements, since it does not depend on forward
kinematics for position estimation.

2. Materials and methods

2.1. Cable driven parallel robots control problem formulation
A CDPR is a type of parallel robot in which the end-effector

is connected to the base by cables. These cables are actuated by
motors, and the end-effector is moved by adjusting the lengths
of the cables (see Figure 2). The control problem for a CDPR
consists of determining the torques to apply to the motors in
order to move the end-effector to a desired 3D position.

Determining the cable lengths required for a given position
and orientation of the mobile platform is known as the inverse

Winch 1 Winch i

Winch n

...
...

Z

X

Y End effector
(the moving platform)

Figure 2: CDPR with n actuators. The end-effector (mobile platform) is con-
nected to the base by n cables, each actuated by a winch motor.

kinematics (IK) problem. Assuming no cable sag, the cable
lengths can be computed directly as the norms of the vectors
connecting the motors to the end-effector. Conversely, deter-
mining the position and orientation of the mobile platform from
the cable lengths is called the forward kinematics (FK) prob-
lem. While FK can be solved geometrically for translational
CDPRs—using the intersection of spheres defined by the ca-
bles—it is more complex in the general case and is typically
addressed using numerical methods.

In addition to solving the two problems, a model of the robot
is needed to simulate its dynamics and to train the control pol-
icy. Developing such a model is beyond the scope of this paper;
instead, we assume a black-box model that takes the desired
motor speeds and the current state of the robot as input and
outputs the next state. The model used in this research repli-
cates the behavior of the real robot. For more details on robot
modeling, we refer the reader to [10]. The model outputs the
robot state, including cable lengths, motor speeds, and motor
currents. Using the cable lengths, the position and orientation
of the mobile platform can be computed via the robot’s forward
kinematics.

Having defined the control problem, we now present how it
can be addressed using reinforcement learning.

3. Classical reinforcement learning controller for cdprs

Reinforcement learning is a field of machine learning that
enables an agent to learn how to control an environment by tak-
ing actions based on observed states and receiving rewards. The
agent learns a policy that maps states to actions in order to max-
imize the cumulative reward. In the context of CDPR control,
the agent learns a policy that maps the robot’s state to control
signals applied to the motors to move the end-effector to a de-
sired position.

There are several reinforcement learning algorithms suitable
for continuous state and action spaces. In this work, we use
three: DDPG [11], PPO [12], and SAC [13], to compare both
on-policy and off-policy approaches. DDPG and SAC are off-
policy algorithms, while PPO is an on-policy algorithm. The

2



si+1

Environment

CDPR Model

Xtarget,i+1

(Xi+1, Ii+1)

ri

(si, ri, si+1)
+

- ei+1

ai

ai

Reward function

(si, ri, si+1)

RL Agent

Figure 3: Interaction between the agent and the reinforcement learning envi-
ronment. The agent receives the tuple (st , at , rt , st+1) and outputs the action at
to be applied to the motors.

main distinction is that DDPG and SAC use a replay buffer to
learn the policy, whereas PPO learns only from the most recent
experiences.

In conventional reinforcement learning, the state describes
the entire robot (see Figure 3), and is defined as: st =

(Xt, Xt−1, et, et−1, It) where Xt is the position of the end-effector,
et is the error between the current and target positions, and It is
the motor current. All observations and actions are normalized
to the range [−1, 1].

3.1. ALP reinforcement learning controller

The main idea of ALP is to learn a policy that maps the state
of each actuator to the torque applied to its motor, rather than
mapping the full robot state to all motor torques. The key ad-
vantage of this approach is that the learned policy can gener-
alize to robots with different numbers of actuators, since the
policy is trained to control an individual actuator rather than
the entire robot.

The agent-environment interaction for ALP reinforcement
learning is illustrated in Figure 4.

The state of each actuator is defined as:

st = (L j
t−3, L

j
t−2, L

j
t−1, L

j
t , L

j
t,target, I

j
t )

where L j
t is the length of cable j at step t, L j

t,target is the target
length of cable j, and I j

t is the current of motor j. Including
the cable length at step t − 3 provides the agent with informa-
tion about cable dynamics, tension at the other end, and cable
speed, which are important for learning an effective policy (see
Appendix A for more details). All observations and actions are
normalized to the range [−1, 1]. Since there are n actuators, at
each step t, the agent performs n interactions with the environ-
ment but learns a single shared policy. Thus, only one neural
network is used to map the actuator state to the torque, and a
single agent learns this policy from samples collected across all
actuators.
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Figure 4: Interaction between the agent and the environment for ALP rein-
forcement learning. At each step t, the agent interacts with the environment
n times, once for each actuator. From each interaction, the agent collects the
tuple (s j

t , a
j
t , r

j
t , s

j
t+1) and outputs the action a j

t to be applied to motor j. The
agent learns a single policy that maps the state of an actuator to the torque to be
applied to its motor.
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3.2. Reward-engineering
The reward function is a crucial component of the reinforce-

ment learning algorithm, guiding the agent to learn the opti-
mal policy for a given task. For redundant CDPRs, multiple
solutions can achieve the same target position. Therefore, a re-
ward function based solely on position error is insufficient, as it
may cause the policy to oscillate between solutions, resulting in
noisy control. Furthermore, since our control signal is the mo-
tor speed (with a proportional control loop for motor current),
the reward function must also account for the control signal to
ensure the agent visits only states relevant for effective control.

Error-based reward: The first component of the reward
function penalizes the position error: r1,t = − ∥et∥ where et

is the position error at step t, defined as the distance between
the current and target positions of the end-effector. This term
encourages the agent to minimize the position error.

Energy optimization reward: The second component pe-
nalizes the energy consumed by the motors, following the clas-
sical approach to energy optimization. Since energy consump-
tion is related to motor current, we penalize the current as fol-
lows: r2,t = − ∥It∥

2 where It is the motor current at step t.
Current limits reward: The third component addresses cur-

rent limits. Since we constrain the current using a saturation
function (see Appendix B), we encourage the agent to select
actions that keep the current within safe bounds, as actions out-
side these limits will be saturated and thus ineffective. The re-
ward is: r3,t = −

∥∥∥at − usat,t

∥∥∥ where at is the action chosen by
the agent and usat,t is the action after applying the saturation
function.

So our final reward function is:

rt = α1r1,t + α2r2,t + α3r3,t (1)

rt = − α1 ∥et∥ − α2 ∥It∥
2 − α3

∥∥∥at − usat,t

∥∥∥ (2)

where α1, α2, α3 are coefficients that weight each term of the
reward function. By tuning these coefficients, we adjust the im-
portance of each component to achieve the best performance.
After extensive testing, the best results were obtained with
α1 = 1, α2 = 0.001, and α3 = 0.5. The energy optimiza-
tion term (α2) improves efficiency, while the current limits term
(α3) helps smooth the control signal, though it can slightly de-
grade tracking performance if set too high. Without this term,
the control signal becomes too noisy for real robot use.

3.3. Reward for ALP reinforcement learning
The same reward function can be used for ALP reinforce-

ment learning, where all actuators receive the same reward at
each step. In this collaborative setting, an error on one actuator
affects the reward for all, as the reward is based on the overall
position error. We refer to this as reward 1 (r1).

Alternatively, an individual reward can be used, based only
on each actuator’s own error:

r j
t = − α1

∣∣∣∣e j
t

∣∣∣∣ − α2

∣∣∣∣I j
t

∣∣∣∣2 − α3

∣∣∣∣a j
t − u j

sat,t

∣∣∣∣ (3)

where e j
t is the error between the current and target lengths of

cable j at step t, I j
t is the current of motor j, a j

t is the action

chosen by agent j, and u j
sat,t is the saturated action. The same

coefficients α1, α2, α3 are used as in the collaborative reward.
We refer to this as reward 2 (r2). In the training phase, we kept
the same values for the coefficients α1, α2, α3.

3.4. Target trajectories generation
Visiting all states of the environment is crucial during train-

ing, as the agent must learn the optimal action for each possible
state. In trajectory tracking tasks, the desired trajectory forms
part of the state and can be generated as needed. However, it
is important to ensure that generated trajectories are consistent
with the robot’s dynamic limits and sufficiently explore the en-
tire state space.
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Figure 5: Average reward of the ALP reinforcement learning approach. The
solid curve shows the mean reward over four runs with different random seeds,
while the shaded region represents the range (min–max) across runs. Each
experiment was repeated four times with different random seeds.

To address this, we generate random trajectories with ran-
dom speeds and accelerations. Since the robot’s workspace is
bounded and there are constraints on speed and acceleration
limits, it is essential to ensure that the generated trajectories
comply with these constraints. For this purpose, we use the
method described in Appendix C.

4. Experiments and results

4.1. Training setup
The training was performed only on the 4-cable translational

robot, assuming the mobile platform is a point mass and all
cables are attached to the same point on the platform (see Fig-
ure 1). The robot parameters are provided in Appendix D,
Table D.3. Training was conducted using three reinforcement
learning algorithms: DDPG, PPO, and SAC, with hyperparam-
eters detailed in Appendix D. Table D.5.

4.2. Training results for ALP
To analyze convergence time and maximum average return,

we conducted training using the hyperparameters presented in
the previous section, repeating the process four times with dif-
ferent random seeds. Each agent was trained using the same
hyperparameters as the conventional reinforcement learning ap-
proach, with reward function 1 described in Section 3.2. Fig-
ure 5 shows that the PPO agent does not converge, while the
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Figure 6: Mean error between the target position and the end-effector position
for the 4-cable robot over 10 episodes as a function of speed, using three differ-
ent policies: DDPG with the conventional RL approach, DDPG with the ALP
RL approach with reward 1, and DDPG with the ALP RL approach with re-
ward 2.

DDPG and SAC agents both converge to good policies. The
DDPG agent achieves a higher and more stable average reward
than the SAC agent, as indicated by the lower variation in av-
erage reward. Therefore, we selected the DDPG agent for the
remainder of the experiments due to its stability and reliable
convergence.

4.3. Testing results in simulation and comparison between re-
ward functions

We trained the ALP DDPG policy using both the collabora-
tive reward function 1 and the individual reward function 2, as
described in Section 3.2, on the 4-cable robot (see Figure 1) for
four different runs with random . The same procedure was ap-
plied to the DDPG with the conventional RL approach, using
the same hyperparameters and reward function 1. For each run,
we saved the best policy and used it for the testing phase.
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Figure 7: Mean error between the target position and the end-effector position
for the 4-cable robot configuration with H1 = 5 m and H2 = 5 m (see Figure 1)
over 10 episodes as a function of speed, using the ALP RL approach with re-
ward 1 (cooperative reward) and reward 2 (individual reward).

We tested the three policies on the 4-cable robot with differ-
ent speeds and target positions (10 episodes of 10 seconds each,
as in training), using the same target positions for all policies. In
Figure 6, the error ranges from 0 to 0.5 m for the conventional
RL approach and from 0 to 0.25 m for the ALP RL approach,

indicating that the ALP RL outperforms the conventional RL
approach. We also observe that the policy using reward 1 (co-
operative reward) outperforms the policy using reward 2 (indi-
vidual reward). This difference may be attributed to the reward
coefficients not being optimally tuned for the individual reward,
as the same coefficients were used for both reward functions,
and were primarily tuned for the cooperative reward in the con-
ventional RL approach.
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Figure 8: Mean error between the target position and the end-effector position
for the 8-cable robot configuration over 10 episodes as a function of speed,
using the ALP RL approach with reward 1 (cooperative reward) and reward 2
(individual reward).

However, the real advantage of the individual reward be-
comes apparent during fine-tuning, when additional training is
performed in the implementation phase to achieve optimal per-
formance. The cooperative reward can lead to unstable learning
if the robot configuration differs from that used during training,
as the scale of the cooperative reward may vary significantly
between configurations. In contrast, the individual reward is
more stable, since it depends only on the error of each actuator,
making it suitable for fine-tuning across different configurations
without issue.

Another important observation is that the performance of
the ALP reinforcement learning approach surpasses that of the
DDPG with the conventional RL approach. Thus, the ALP rein-
forcement learning approach outperforms the conventional RL
approach, as it can be applied to different robot configurations
with varying numbers of actuators without requiring additional
training.

4.4. Testing results on diffrent configurations

We tested the three policies on the 4-cable robot with a dif-
ferent configuration (workspace with H1 = 5 m and H2 = 5 m,
see Figure 1), using the same target positions for all policies.
The conventional RL approach fails to track the desired trajec-
tory when trained on a different configuration; it can only track
trajectories in new configurations if the difference is small and
the number of actuators remains the same.

In Figure 7, we observe that the ALP reinforcement learn-
ing approach successfully tracks the desired trajectory in the
new configuration, even though it was trained only on a 4-cable
robot with a different setup. This is because the policy is learned
to control each actuator independently, rather than the entire
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robot, allowing it to be applied to any configuration without ad-
ditional training.
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Figure 9: Trajectory tracking of the real robot using the ALP reinforcement
learning approach with reward 1. The error between the target position and the
end-effector position is less than 0.04 m.

We also tested both policies on the 8-cable translational
robot, where the robot has 8 actuators and the end-effector is
a point mass, with all cables attached to the same point on
the mobile platform. The same target positions were used for
both policies. As shown in Figure 8, the performance of both
policies on this configuration is similar to their performance on
the initial configuration, demonstrating the transferability of the
policy learned on the 4-cable robot to the 8-cable robot.

4.5. Testing results on the real robot

We tested the best policy using reward 1 on the real robot in
the 8-cable translational robot configuration. The policy’s per-
formance on the real robot closely matches its performance in
simulation. As shown in Figure 9, the agent is able to track the
desired trajectory with high accuracy, and the error between the
target position and the end-effector position is less than 0.04 m.

4.6. Robustness to errors in the position estimation

Table 1: A comparison of the performance of the different controllers

Configuration \ Controller Classical RL ALP
4 cables ✓ ✓ ✓

Different mass than training
(m = 0.5, . . . , 2 kg) ✓ ✓ ✓

Other configurations
than training ✓ ✓ ✓

n cables ✓ × ✓
Error in position estimation × × ✓

Most classical controllers use the position of the end-effector
to compute the control signal. In the absence of direct position
measurement (i.e., no sensor for the end-effector position), the
position is estimated using the robot’s forward kinematics. Er-
rors in position estimation can significantly degrade controller
performance, especially if a cable measurement is incorrect or
a cable is sagged, resulting in inaccurate end-effector position
and poor trajectory tracking.

In contrast, our ALP reinforcement learning approach does
not rely on estimating the end-effector position. The con-
trol signal for each actuator is generated independently of the
lengths of the other cables, allowing the system to remain ro-
bust even if there are errors in the measurement of one cable.
As a result, the ALP RL controller can still track the desired
trajectory under such conditions.

Table 1 summarizes the major advantages of the ALP rein-
forcement learning approach compared to classical controllers.

5. Conclusions

In this work, we have proposed a new reinforcement
learning-based control approach for cable-driven parallel robots
using an actuator-level policy. This method enables systematic
generalization, allowing control of any cable robot configura-
tion. Simulation results demonstrate strong performance com-
pared to conventional reinforcement learning approaches, and
the proposed method has been validated on a real cable robot,
confirming its transferability to different configurations and to
real-world hardware.

Limitations: The comparison between different reinforce-
ment learning algorithms remains inconclusive, mainly due to
the manual tuning of hyperparameters, which significantly af-
fects performance. Similarly, tuning the reward function coef-
ficients is challenging and does not guarantee optimal results.
Another limitation is that the CDPR configurations considered
in this paper are restricted to translational CDPRs with a point
mass mobile platform. The proposed approach could be ex-
tended to rotational CDPRs with a rigid body mobile platform;
preliminary results are promising, but further work is needed to
fully validate this extension.

Appendix A. Proof of concept

To demonstrate the feasibility of our approach, we use the
dynamic model of a single cable.

Assumptions
The following assumptions are made in deriving the dynamic

model:

• The cable is inextensible.

• The cable is wound around the winch without slipping.

• There is no dry or viscous friction acting on the system.

• The winch applies a torque τ(t) which is converted to a
tension T (t) at one end of the cable, proportional to the
current I(t) flowing through the motor.

• The mobile platform applies a force Fext(t) at the other end
of the cable.

• The length of the cable between the winch and the end-
effector is L(t).

• The mass of the cable between the winch and the end-
effector is m(t).
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Dynamic model of the cable

Applying Newton’s second law to the cable:

m(t)L̈(t) = Fext(t) − T (t) (A.1)

Fext(t) and m(t) estimation

Assuming the cable is inextensible and has uniform mass,
m(t) can be estimated from the cable length and mass per unit
length. Fext(t) can be estimated from (A.1) using the estimated
m(t), the measured tension T (t) (proportional to the motor cur-
rent I(t)), and the measured values of L(t) over recent time
steps.

Existence of a control law

Let F̂ext and m̂ be estimates of Fext and m, with:

F̂ext(t) = Fext(t) − ϵext(t)
m̂(t) = m(t) − ϵm(t)

(A.2)

where ϵext(t) and ϵm(t) are small bounded errors.
The objective is to track a desired cable length Ld(t), i.e., to

choose T (t) such that:

∥Ld(t) − L(t)∥ = ∥e(t)∥ ≤ ϵd (A.3)

where ϵd is small (or zero if estimation errors vanish).
Assume L(t) and its derivatives are bounded, which holds for

the cable robot.
If we choose:

T (t) = F̂ext − m̂
(
L̈d(t) + kvė(t) + kpe(t)

)
(A.4)

then substituting into (A.1) yields:

Fext − F̂ext + m̂
(
L̈d(t) + kvė(t) + kpe(t)

)
= mL̈(t) (A.5)

ϵext(t) + m̂
(
ë(t) + kvė(t) + kpe(t)

)
= ϵmL̈(t) (A.6)

ë(t) + kvė(t) + kpe(t) = ϵ(t) (A.7)

with

ϵ(t) =
ϵmL̈(t) − ϵext(t)

m̂

This is a second-order equation, and by choosing kv > 0 and
kp > 0, we ensure convergence as in (A.3). The choice of kv and
kp can also be formulated as a convex optimization problem.

Thus, this control law can be learned by a neural network us-
ing a reinforcement learning agent, provided the actuator state
includes the cable length at previous time steps (to estimate ca-
ble speed and tension at the other end) and the motor current (to
estimate the force applied to the cable).

Appendix B. Current constraints

Current control loop
Cable-driven parallel robots use cables to transmit forces

from the motors to the end-effector. The control signal is typi-
cally the cable tension, but since tension is not directly measur-
able, the motor current is used instead. The CDPR in our lab
employs a proportional control loop where the motor current is
proportional to the difference between the desired speed and the
measured speed of the motors:

i = Kmotor(u − vm)

where i is the motor current, Kmotor is the motor constant, u is
the desired motor speed, and vm is the measured motor speed.

From this control loop, any desired speed less than the mea-
sured speed results in a negative desired current, meaning the
motor rotates in the opposite direction and cable tension drops
to zero, which is unsafe. While we typically control the desired
speed, having access to the measured speed allows us to adjust
the desired speed to respect current limits.

Current bounds
Cables in a CDPR must always remain in tension; slack ca-

bles risk entanglement and loss of robot mobility, requiring in-
tervention to restore safety. To prevent this, we set a minimum
current limit imin. Conversely, the current must not exceed a
maximum limit imax to avoid damaging the motors, cables, or
end-effector. Thus, we enforce:

isat =


imax if i > imax

i if imin < i < imax

imin if i < imin

Based on the current control loop, the agent’s action is com-
puted as:

usat =
isat

Kmotor
+ vm

By computing the agent’s action this way, we ensure the mo-
tor current remains within safe limits and cables stay in tension.
Mapping unsafe actions to the nearest safe action ensures the
agent does not select unsafe commands and learns to control
the robot across all states of the environment.

Appendix C. Desired trajectory generation: the case of
trajectory tracking in bounded workspace

Table C.2: Target generation parameters

Parameter Value
Maximum acceleration in x-axis 35 m/s2

Maximum acceleration in z-axis 35 m/s2

Maximum velocity in x-axis 4 m/s
Maximum velocity in z-axis 4 m/s

The trajectories are generated as follows: First, we set the
maximum acceleration amax and the maximum speed vmax. A
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random initial position X0 is chosen at the start of each episode,
with speed and acceleration reset to zero. At each time step t,
a random acceleration at is generated from a Gaussian distribu-
tion such that −amax ≤ at ≤ amax. The speed vt is then updated
by integrating the acceleration:

vt = vt−1 + at · dt

If the speed exceeds the limits, it is clipped to the boundary
value. The trajectory is then generated by updating the position:

Xt = Xt−1 + vt · dt

This approach works very well for low speeds or in an un-
bounded workspace, but at high speeds, the end-effector often
reaches the workspace limits before the episode ends. To ad-
dress this, we initially tried reducing the episode length, but this
led to instability due to fewer reward samples for estimating the
average return.

Instead of shortening the episode, we chose to randomly re-
verse the desired speed vt when the end-effector reaches the
workspace boundaries, keeping it within the workspace. While
this method works for high speeds, it is not ideal, as the re-
sulting trajectories may not be smooth or fully consistent with
the robot’s dynamic limits. However, it is acceptable during
training because it ensures the agent explores all states of the
environment and learns to control the robot under various con-
ditions.

We use the parameters shown in Table C.2 to generate tra-
jectories for our CDPR. The velocity limits are set to match the
robot’s capabilities, with the nominal motor speed at 3000 rpm,
equivalent to 4 m/s for the cables. The acceleration limits
are set higher than the robot’s maximum acceleration to allow
reaching maximum speed within the limited episode length, and
because acceleration is sampled from a random Gaussian dis-
tribution, the robot does not reach maximum acceleration in all
states.

Appendix D. Hyperparameters and cdprs parameters

The training process is performed in simulation using the
OpenAI Gym environment. The CDPR used is a 4-cable robot
with parameters listed in Table D.3.

For each agent, a manual hyperparameter tuning process was
performed to achieve the best average return and fastest conver-
gence. The training time depends on available computational
resources and the experiment setup. During hyperparameter
tuning, training is stopped when the agent’s average return sta-
bilizes; for the final training, a fixed number of episodes is used
to allow the agent to learn the optimal policy for the task. Ta-
ble D.4 presents the training time per episode and per experi-
ment for each agent.
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