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A Probabilistic Model-based Online Learning Optimal Control Algorithm
for Soft Pneumatic Actuators
Zhi Qiang Tang1 , Ho Lam Heung1 , Kai Yu Tong1 and Zheng Li2
Abstract— Soft robots are increasingly being employed in different fields and various designs are created to satisfy relevant
requirements. The wide ranges of design bring challenges to soft
robotic control in that a unified control framework is difficult
to derive. Traditional model-driven approaches for soft robots
are usually design-specific which highly depend on specific
design structures. Our approach to such challenges involves
a probabilistic model that learns a mapping from the soft
actuator states and controls to the next states. Then an optimal
control policy is derived by minimizing a cost function based
on the probabilistic model. We demonstrate the efficiency of
our approach through simulations with parameter analysis and
real-robot experiments involving three different designs of soft
pneumatic actuators. Comparisons with previous model-based
controllers are also provided to show advantages of the proposed method. Overall, this work provides a promising designindependent control approach for the soft robotics community.
Index Terms— Modeling, Control, and Learning for Soft
Robots, Model Learning for Control, Optimization and Optimal
Control

I. I NTRODUCTION
Soft robots are increasingly emerging nowadays and have
many applications in a variety of fields, including astronautics [1], deep sea exploration [2], rehabilitation [3], [4],
surgery [5], [6], etc. To satisfy requirements from various
applications, soft robots are designed with different materials, shapes and structures. Such diverse design architectures
bring challenges to soft robotic control. Although different
methods have been explored to control soft robots, the development of control algorithms still remains a challenge due
to the nonlinear characteristics, infinite degrees-of-freedom
and wide ranges of design [7].
In this paper, we investigate a probabilistic modeling
approach to control soft robots. Previous relevant works are
about data-driven approaches for soft robots. In [8] linear
regression and artificial neural network models were used in
a closed-loop PID controller to control the bending angle of a
soft pneumatic actuator. However, the derived empirical models were static models trained on offline dataset, which may
not be adaptive to changing environment. As an improvement, an online updated dynamic Gaussian mixture modelThis work was supported by the CUHK T Stone Robotics Institute
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Fig. 1. Bending behavior of a soft pneumatic actuator under
different air pressure inputs. (a) FEM-simulated bending.
FEM: finite element method. (b) Experimental bending behavior.

based controller was proposed in [9] to drive a catheter tip to
desired positions. However, the number of Gaussian components needs manually selected and the control action remains
to be optimized. On the other hand, we utilized random
sampling control methods in this work. Researchers in [10]
also presented a sampling-based optimal control method in
which Gaussian process regression was used to learn model
dynamics. However, the method was only validated in the
simulation world. In [11] a neural network-based dynamics
model with a random sampling approach was proposed to
control legged millirobots. However, this approach lacked
online adaptation to new tasks and unexpected environmental
perturbations.
In this work, we focus on controlling the bending movements of soft actuators. Figure 1 shows FEM-simulated
and experimental bending behaviors of a soft pneumatic
actuator under different air pressure inputs. The probabilistic
dynamics model is implemented as a Gaussian process and
updated online by real-time sensory data. Based on this
model, optimal control actions are derived by minimizing
a cost function, which drive soft actuators to achieve desired positions. The effectiveness of our proposed control
algorithm is evaluated on various soft pneumatic actuators.
An overview of our proposed closed-loop control framework
is shown in Fig.2. Some similarities exist between our
method and a PILCO (Probabilistic Inference for Learning
COntrol) algorithm proposed in [12], such as both adopting
an online updated Gaussian process model and a saturating
cost function. However, differences are obvious: (1) PILCO
requires iterative probabilistic planning and updating policy
parameters to learn a policy which is computationally expen-
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Fig. 2. Diagram of the proposed closed-loop control framework.

sive with the increase of dataset. Our approach takes random
sampling methods to achieve a similar level of performance
with low computation time, which is more practicable in
real-time applications; (2) Current applications of the PILCO
algorithm are limited in rigid robots while our approach
is designed for soft robots. The intrinsic dynamics of soft
robots are significantly different from that of rigid robots.
Detailed comparisons between our approach and PILCO will
be presented in Section VI.
The main contributions of this paper are as follows:
• A design-independent control approach which is evaluated rigorously for various soft pneumatic actuators
performing reference point tracking tasks;
• A probabilistic modeling method for soft robots which
requires no prior knowledge of the system dynamics;
• An optimal control policy with online learning to perform new tasks and deal with unexpected environmental
situations.
The rationale behind our approach is that probabilistic
models can capture model uncertainty and inherent nonlinearity regardless of specific system structures. Generally, model-based methods are more promising to efficiently extract valuable information from available data than
model-free methods [13]. However, deterministic modelbased methods would suffer severely from model errors
because the model is assumed to resemble the real system
accurately. The Gaussian process infers a distribution over
all plausible models given the observed data instead of one
(possibly erroneous) model and thus can make the controller
more robust to modeling errors.
The rest of this paper is organized as follows. Section II
describes the details of model learning. Section III introduces
the optimal control policy based on the derived model.
Section IV conducts algorithm simulation with parameter
analysis. Section V present physical experimental results.
Comparisons are discussed in Section VI. Section VII concludes the article.
II. M ODEL L EARNING
Our probabilistic model is represented as a Gaussian
process. Compared to parametric models which are prob-

lem specific and need manually specified, Gaussian process
regression is a nonparametric regression method which is
promising to automatically extract latent dynamics from data
and can be served as a learning model for a broad range
of tasks [12], [14]. In this paper, we formulate the system
dynamics
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The Gaussian process is continuously updated online by
incorporating real-time sensory data. All hyper-parameters
of the Gaussian process will be re-learned when new data is
recorded. The online learning helps keep model accuracy.
III. O PTIMAL C ONTROL
Based on the learned probabilistic model in Section II,
we acquire optimal control actions u opt by minimizing a
x). The cost function penalizes states which
cost function C(x
are away from target positions. A saturating cost function is
better than a quadratic cost function in terms of dealing with
state uncertainty and system noise [15]. Hence, we choose
the saturating cost function here which is given as follows:
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matrix with entries either unity or zero, scaled by 1/σc2 . The
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Different control actions would affect the expected cost
value. The optimal control action is the one that minimizes
the expected cost value:
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where ulb and uub are the lower and upper bounds of control
actions, respectively. Accordingly, xlb and xub are the lower
and upper bounds of states. These boundary conditions are
set to consider system safety issues.
Obtaining the exact optimal solution of equation (9)
is difficult as the expected cost function and transition
dynamics are nonlinear. Although analytical solutions are
hard to achieve, there exist many numerical approximation
techniques that are sufficient for succeeding at the desired
solution. Here we adopt a simple random-sampling shooting
method [11], [16] in which M candidate actions are randomly generated and the corresponding states are predicted
using the learned dynamics model. Then the expected cost
for all candidate actions are calculated. Finally, the candidate
action with the minimum expected cost value is chosen as
the optimal control action.
Furthermore, to improve control performance, we incorporate the idea of iterative learning control [17] which
learns from past experience. Thus, in our control framework
we purposely design an additional virtual control action
v t to implement such an ability of learning from previous
executions. The virtual action is given as follows:
(10)

where λ is the error learning gain which adjusts amplitude
of the virtual action. Then the final control action u t is an
integration of the optimal action u opt in equation (9) and the
virtual action v t , given as follows:
u t = u opt + v t

1:
2:
3:
4:
5:
6:
7:
8:

initialize:Apply N random control actions and record
data. Set virtual action v 0 = 0
repeat
Learn probabilistic model f using all data.
Generate reference point r .
Approximate optimal actions in Eq. (9).
Compute virtual actions in Eq. (10).
Apply final control actions and record data
until Desired performance achieved

The final control action u t can be seen as a combination
of feedback and feedforward controllers. Previous research
[18] demonstrated that such combination could achieve better reference tracking performance than single feedback or
feedforward controllers.
IV. A LGORITHM S IMULATION
After introducing the key ideas of our proposed control algorithm, we summarize the probabilistic model-based
online learning optimal control (PMOLOC) framework in
Algorithm 1. The simulation test and parameter analysis are
described in the following subsections.
A. Simulation Test

x lb ≤ x t ≤ x ub .

v t+1 = v t + λ(rr − x t )

Algorithm 1 PMOLOC

(11)

The simulation was built on Python 3.7 platform. Two
datasets (D1 and D2 ) were collected from the real world
system (seen in Fig. 4a), which contained 1200 and 120
sampling points respectively. The dataset D1 was used for
constructing the true model in simulation environment while
D2 was to initialize the probabilistic model. Step trajectories
were utilized to test tracking performance because the time
response and overshoot to a set-point change could be observed. σc and λ were determined by the following parameter
analysis results. Boundary values of ulb , uub , xub and xub
were set based on safety issues of the real world system. The
reference tracking error is defined as the root mean square
error between the reference points and the actual states, given
as follows:
r
1
2
ei =
krr i − xk2
(12)
Ni
where i is the iteration number and Ni is the data length
of step command r i . Here, one step command change is
treated as one iteration. The desired tracking performance
is achieved when the relative tracking error ei /|rr i |∞ is
lower than a required tracking accuracy . All the control
parameters for the simulation are listed in Table I. The
simulation results are shown in Fig. 3. From Fig. 3a we
can see that step trajectories could be well tracked by
our proposed control algorithm. At the final step command
(24s∼27s) when desired tracking performance was achieved,
the settling time was 1 second and overshoot was 2.4%.
B. Parameter Analysis
Here we discuss how σc and λ affect the performance of
our control algorithm.
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Fig. 3. Algorithm simulation results. (a) Tracking process of step reference commands. (b) and (c) Effects of different σc
and λ values on reference tracking performance, respectively.
TABLE I: SIMULATION CONTROL PARAMETERS.
r

σc

λ

ulb

uub

xlb

xub

M

N



Step Commands

0.1

0.1

0 kPa

120 kPa

0◦

130◦

120

120

1%

1) σc effects: σc controls the width of the cost function.
We try different values of σc to see its effects on tracking
performance, as shown in Fig. 3b. We can observe that larger
values of σc lead to larger overshoot and oscillations while
smaller values tend to be more stable. The value of σc is
suggested to be set in a way that the cost function can easily
distinguish between a “good” state (close to reference point)
and a “bad” state (away from reference point). Based on the
results of Fig. 3b, we chose σc = 0.1 in our simulation.
2) λ effects: Parameter λ affects the magnitude of virtual
actions. Different λ values are applied to test its performance.
From Fig. 3c we can observe that actual states have no
overshoot but cannot achieve reference points at λ = 0.01.
Meanwhile, fast response but obvious overshoot and oscillation occur at λ = 0.3. Equation 10 indicates that smaller λ
value may not utilize previous error efficiently while larger λ
may exaggerate error effects. An appropriate λ value should
be selected to balance tracking speed and stability. As the
results in Fig. 3c suggest, λ = 0.1 was selected in our
simulation.
V. E XPERIMENT
In this section, real-world experiments were conducted to
demonstrate the feasibility of our proposed control algorithm.
The experimental setup is shown in Fig. 4a. The control
algorithm was implemented on a personal computer (64-bit
operating system, i5-5200 CPU, 2.2GHz, 2 cores). The data
acquisition device (DAQ) (USB-6009, National Instruments,
Corp., USA) transmitted control commands to a proportional
solenoid valve (ITV2050-212L, SMC, Tokyo, Japan) and
received sensor readings from the solenoid valve and the
flex sensor (Spectra Symbol, USA). The air pump (BTC
Diaphragm Pump, Parker Hannifin Corporation, OH, USA)
supplied air pressure for soft actuators. The proportional
solenoid valve could regulate the air pressure based on
command signals from the DAQ. The flex sensor measured
the bending angle of soft actuator. Both controller frequency
and data sampling rate were 10 Hz. Furthermore, the bending

(a)

(b)

Fig. 4. Experimental setup. (a) The control algorithm is
implemented on a personal computer. The air pump supplies air pressure for the soft actuator and the proportional
solenoid valve regulates air pressure. The flex sensor measures bending angles. The data acquisition collects feedback
pressure and bending angle information. (b) The bending
angle definition of soft actuators.

angle of a soft actuator is defined as the angle between
lines l1 and l2 , as shown in Fig. 4b. The line l1 and
line l2 are perpendicular to the top face and bottom face,
respectively. Additional media and information can be found
in the supplementary video.
A. Test on Various Soft Pneumatic Actuators
Three types of soft pneumatic actuators were utilized
to test the control performance of our proposed algorithm.
All of tested soft actuators were directly 3D-printed from
silicones (ACEO, Burghausen, Germany). Design characteristics and experimental control parameters of the three soft
actuators are listed in Table II. The parameters ulb , uub ,
xlb and xub were determined by the safe operation range
of each soft actuator. σc and λ were adjusted based on the
parameter analysis in section IV. As the resolution of the
proportional solenoid valve was 1kPa, M was determined
to cover all feasible pressure values within the safe pressure
range for each soft actuator. The effects of different M values
on control performance would be discussed in section VI. N

TABLE II: DESIGN CHARACTERISTICS AND EXPERIMENTAL CONTROL PARAMETERS OF SOFT ACTUATORS.
Soft Actuators

Material

Shape

Structure

Dimension(mm)

σc

λ

ulb
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xub
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N



A

Shore A 30
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Fig. 5. Physical demonstrations and experimental results of tested soft pneumatic actuators. (a), (b) and (c): Basic descriptions
about the design of soft actuator A, B and C, respectively; (d), (e) and (f): Experimental reference tracking results of soft
actuator A, B and C, respectively.

was chosen in a similar way as M for the model initialization
and  was set to terminate the algorithm.
The selected silicone material of soft actuator A could
offer sufficient elongation (450%) and tensile strength (6
MPa) with hardness of Shore A 30. Soft actuator A was
designed as the semi-cylindrical shape which was also used
in previous research articles [19], [20], as shown in Fig.5a.
An A2 stainless steel plate of thickness 0.1 mm was put on
the bottom of the soft actuator body as the strain limiting
layer and transparent fiber reinforcements were wrapped
around the soft actuator body. A flex sensor was positioned
between the soft actuator body and steel plate. The overall
dimension of soft actuator A was 120mm length with 18mm
diameter and its mass was 24 grams. During the experiments,
reference points were generated with a random amplitude
ranging from 0◦ to 130◦ , changing the command at time
increments of 3 seconds. The reference tracking result of
soft actuator A is shown in Fig. 5d. From Fig. 5d we could
observe that the tracking performance improved iteratively.
At the final step command (15s∼18s) when desired tracking
performance was achieved, the rising time was 0.1 seconds
and the settling time was 1.5 seconds and overshoot was
4.5%.
The selected silicone material of soft actuator B could
offer 200% elongation with 7MPa tensile strength and

hardness of Shore A 60. Soft actuator B was designed as
a bellow-wave shape which was similar to PneuNets soft
actuators [21], [22], as shown in Fig. 5b. An A2 stainless
steel plate of thickness 0.1 mm was put on the bottom of
soft actuator body but without fiber reinforcements. A flex
sensor was positioned between the soft actuator body and
the steel plate. The overall dimension of soft actuator B was
79mm×18mm×17mm (length×width×height) and its mass
was 21 grams. Reference points were step commands with
a random amplitude ranging from 0◦ to 160◦ , changing the
command at time increments of 3 seconds. Figure 5e shows
the reference tracking result. Obvious overshoots occurred in
the early stage (0∼15s). When the desired tracking performance was achieved at time 24s∼27s, the rising time was 0.1
seconds and the settling time was 2 seconds and overshoot
was 5.0%.
The selected silicone material of soft actuator C could
offer 800% elongation with 7MPa tensile strength and hardness of Shore A 20. It was also designed as a bellow-wave
shape but without fiber reinforcements and strain limiting
layer, as shown in Fig. 5c. A flex sensor was positioned on
the bottom of the soft actuator body. The overall dimension
of soft actuator C was 69mm×11mm×10mm and its mass
was 6 grams. Reference points were step commands with
a random amplitude ranging from 0◦ to 160◦ , changing the

Fig. 6. Online learning compensates fabrication errors of the
same design without parameter tuning.

Fig. 7. The proposed algorithm can control the soft actuator
to track varying reference trajectories.

command at time increments of 3 seconds. The reference
tracking result is shown in Fig.5f from which we can see
that the tracking performance improves gradually. When the
desired tracking performance was achieved at time 18s∼21s,
the rising time was 0.1 seconds and the settling time was 1.5
seconds and overshoot was 0.2%.
B. Test Under Different Situations
The following experiments tested the tracking performance
of the proposed approach in different situations.
Soft actuators with the same design may have different
bending angles with the same pressure inputs due to fabrication errors. To test whether our proposed method could
be adaptive to such fabrication errors, we experimented
with multiple soft actuators of the same design. During
the experimentation, three soft actuators of design A were
controlled to follow the same reference trajectory. Control
parameters were the same as the previous soft actuator
A test. The experimental results are shown in Fig.6. The
results indicated that all three soft actuators could gradually
achieve satisfactory tracking performance as online learning
progressed. Thus, the online updated dynamic model can
automatically compensate fabrication errors of soft actuators
without parameter tuning.
Besides step trajectories, more time-variant reference trajectories can be tested. Fig.7 showed a varying reference

Fig. 8. Reference points can still be achieved even though
the soft actuator is blocked by environmental constraints.

trajectory which was designed as a combination of complex
step trajectories (step length and amplitude changed), varying
sine trajectories (amplitude and frequency changed) and
varying ramp trajectories (steepness and amplitude changed).
The soft actuator C was controlled to track the varying
reference trajectory by the same control parameters as the
previous soft actuator C test. The results in Fig.7 showed that
our proposed method could control the soft actuator to track
varying reference trajectories with satisfactory performance.
All the previous tests were free bending situations. We
further conducted an experiment in constrained environment.
During the experimentation, the soft actuator A was placed
horizontally above a fixed woodblock. When the bending
angle of the soft actuator reached 30◦ , the soft actuator
would be blocked by the woodblock, as shown in Fig.8.
The experimental results in Fig.8 demonstrated that the soft
actuator could still reach the reference points (50◦ and 70◦ )
and keep tracking performance even though it was blocked
by the woodblock. Thus, the proposed algorithm can deal
with unexpected environmental situations.
VI. D ISCUSSION
We further compare the proposed approach with other
model-based controllers. Limitations and future work are also
discussed in this section.
A. Comparison with Other Methods
The PILCO algorithm is one of the state-of-the-art algorithms for data-efficient model-based policy search. We
conducted a comparison experiment to show the performance
between our method (i.e. PMOLOC) and PILCO. We utilized
PILCO open-source code [23] to execute the PILCO algorithm. The PILCO controlled the soft actuator A to follow
the same reference angle as in Fig.5d. Main parameters of
PILCO were as follows: the control period was 0.1s and the
prediction horizon was 3s; the initial dataset consisted of
120 sampling points; the cost width was 0.01; numbers of
basis functions and controller optimizations were 100 and 6,
respectively.
The comparison results were shown in Fig.9a, which
demonstrated that our proposed method achieved better
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Fig. 9. Algorithm comparison results. (a) Control performance comparison between PMOLOC and PILCO. (b) Performance
comparison among different numbers of candidate actions (c) Tracking comparison between PMOLOC and ILMPC. (d)
Tracking comparison of different cost functions. (e) Online learning ability to perform new tasks.

tracking performance than PILCO in terms of less tracking
error (PMOLOC: 3.59◦ error; PILCO: 10.18◦ error) and reduced computation time (PMOLOC: 2.61 seconds ; PILCO:
32.96 seconds). The average tracking error was an average
value of all iteration errors defined in equation (12). Total
running time included model learning time, policy searching
time and policy implementation time. Policy implementation was executed in real time. Model learning and policy
searching were performed during each iteration interval. The
computation time here was the CPU running time of model
learning and policy searching.
The PILCO required a longer computation time because it
relied on computationally expensive analytical methods to do
approximate inference for each step of the policy evaluation.
While the analytic approach in PILCO is efficient on a
sequential computer, it cannot take advantage of the multicore architectures now present in most computers [24]. By
contrast, random sampling approaches could be computed
parallelly by multi-core and multi-threads architectures on
the computer. Moreover, the computational complexity of
PILCO during policy searching was at least O(N 2 ) [12]
while ours was O(M ). The computational complexity of
PILCO was obviously larger than PMOLOC. Furthermore,
PILCO might be stuck into local optima [25] due to the
highly nonlinear characteristics of soft material. Our approach could find global optima, because the optimal action
in our approach was chosen among an action space that
covered all feasible pressure values.
The large computation time required by PILCO restricted its real-time applications. By contrast, the proposed
PMOLOC approach required sufficiently less computation
time while keeping a similar level of performance, which

had advantages over PILCO in our soft robotic applications.
In addition, we compared the PMOLOC with our previous
work [26], in which an iterative learning model predictive
control (ILMPC) method was proposed for soft bending
actuators. Main parameters of ILMPC were as follows:
learning step size was 0.1 and feed-forward input gain was
10. The comparison result was shown in Fig. 9c, from which
we could see that ILMPC required more iterations to achieve
a similar level of tracking performance than PMOLOC.
B. Self Comparison
Different numbers of candidate actions in our method will
affect tracking performance and computation time. The soft
actuator A was controlled to follow the reference angle in
Fig.5d by different numbers of candidate actions. The results
in Fig.9b indicated that larger M would help reduce tracking
error (M = 12: 10.09◦ error; M = 120: 3.59◦ error; M =
1200: 2.42◦ error) but require more computation time (M =
12: 0.65 seconds; M = 120: 2.61 seconds; M = 1200: 24.47
seconds). 120 candidate actions could achieve satisfactory
tracking performance while keeping low computation time
in our experiments. Thus, M was 120 during the simulation
and physical experiments for the soft actuator A.
Moreover, the choice of cost function will also affect
control performance. We compared the tracking performance
between a widely used quadratic cost function [10] and the
saturating cost function. The soft actuator A was also used to
conduct this comparison experiment. The comparison results
were shown in Fig.9d, from which we could see that the
saturating cost function achieved better tracking performance
than the quadratic cost function. Thus, the saturating cost
function was adopted in our method.

Furthermore, since Gaussian process regression is a machine learning method, its effectiveness is potentially restricted to the training dataset. To test the online learning
ability of our proposed method, a small range dataset was
used to initialize the model for soft actuator A, which
contained 10 sampling points with angle range [0◦ , 60◦ ].
As demonstrated in Fig.9e, the controller initially showed a
poor tracking performance at starting step commands (0∼6s)
due to the inaccurate learned model from small offline
dataset. After several iterations (6s∼15s), the model was
updated online by incorporating new data. Then the tracking
performance was significantly improved in the last iterations
(15s∼24s). This result indicates that our proposed algorithm
can perform new tasks with online learning.
C. Limitations and Future Work
In this work, we performed one-step prediction of the
GP-based dynamics model. Since the soft material exhibited
compliance and hysteresis characteristics [7] and reference
trajectories were continuous, the states of soft actuators
would not change abruptly. Thus, one-step prediction works
in our present applications. To generalize the current method,
multi-step predictions will be investigated in the future
work. Random sampling may be insufficient for long-term
predictions and other methods [10], [12] will be explored.
Moreover, input uncertainty will be considered in our future
work to improve control performance.
VII. C ONCLUSION
In this work a probabilistic model-based online learning
optimal control (PMOLOC) algorithm was proposed for
various soft pneumatic actuators. A Gaussian process model
was employed to describe the system dynamics and updated
online to keep model accuracy. Then an optimal control
policy was derived based on the probabilistic model which
minimized a saturating cost function. Through real robot experiments involving three different designs of soft pneumatic
actuators under different situations, we demonstrated the
effectiveness of our proposed method. Besides, comparisons
between our method with the PILCO algorithm showed
advantages of the proposed approach in real-time soft robotic
applications. We also showed the online learning ability to
perform new tasks starting from a small range dataset. In a
nutshell, this work provides a promising design-independent
control approach for the soft robotics community.
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