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Abstract— Safe and efficient robot-environment interaction is
a critical but challenging problem as robots are being increas-
ingly employed to operate in unstructured and unpredictable
environments. Soft robots are inherently compliant to safely
interact with environments but their high nonlinearity exacer-
bates control difficulties. Meta-learning provides a powerful
tool for fast online model adaptation because it can learn
an efficient model from data across different environments.
Thus, this work applies the idea of meta-learning for the
control of soft robotics. In particular, a target-oriented proactive
search strategy is firstly performed to collect environment-
specific data efficiently when a new interaction environment
occurs. Then meta-learning exploits past experience to train
a data-driven probabilistic model prior, and the model prior
is online updated to be fast adapted to the new environment.
Lastly, a model-based optimal control policy is utilized to drive
the robot to desired performance. Our approach controls a
soft robotic manipulator to achieve the desired position and
contact force simultaneously when interacting with unknown
changing environments. Overall, this work provides a viable
control approach for soft robots to interact with unknown
environments.

Index Terms— Modeling, Control, and Learning for Soft
Robots, Physical Human-Robot Interaction, Force Control

I. INTRODUCTION

Physical interactions between robots and environ-
ments/humans are challenging problems due to diverse envi-
ronmental conditions as well as uncertain human motions [1],
[2]. Various field robots are required to deal with complex
environments, for instance, aerial robots may fly through
highly cluttered environments such as dense forests [3],
legged robots need to overcome diverse terrains to achieve
dynamic locomotion in natural environments [4]. Besides,
robots in human daily lives are expected to interact with
humans safely and effectively. Uncertainty arises if social
robots have difficulties in accurately interpreting human’s
social behavior [5], assistive robots lack critical information
for carrying out daily tasks [6]. Modern robots need to
operate in increasingly unstructured environments that are
inherently unpredictable, which requires robots being adap-
tive to unforeseen environments.

The objective of this study is to develop a control approach
such that the robots can achieve desired interactions with
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Fig. 1: A schematic diagram of a soft robotic manipulator
assisting people in a showering activity. During the show-
ering, people may have uncertain motions, such as forward-
backward, upward-downward, and left-right movements. The
soft robotic manipulator should be able to achieve desired
performance during such unpredictable interaction environ-
ments.

prior unknown environments. Traditional adaptive control
approaches usually require expert knowledge to derive ac-
curate dynamics models and constraints of both robots and
environments [7], which are difficult to know beforehand in
unforeseeable environments. In recent years, meta-learning
becomes popular to deal with dynamic environments. Meta-
learning, or “learning to learn”, is a learning principle that
exploits past experiences of the robot in various environ-
ments for fast adaptation to a similar environment with
only a few observations [8]-[10]. Meta-learning is based on
the assumption that all environments share common struc-
tures. Researchers in [11] presented a model-based meta-
reinforcement learning algorithm to control a legged mil-
lirobot under different situations. Meanwhile, authors in [12],
[13] developed meta-learning control policies combined with
situation embeddings to enable quadrupedal robots being
fast adaptive to new environments. Moreover, researchers
in [14] presented an adaptive-control-oriented meta-learning
method while authors in [15] proposed a domain adversar-
ially invariant meta-learning approach to enable fast online
adaptation of uninhabited aerial vehicles in different wind
speeds. These recent studies show promising directions for
robots in unknown environments and inspire us to apply
meta-learning in our soft robotic applications.

In this study, we consider a particular soft robotic ap-
plication where a soft robotic manipulator assists elderly
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Fig. 2: Overview of the meta-learning-based optimal control approach. The input is a new interaction environment and the
output is desired robot performance. The target-oriented proactive search strategy aims to collect efficient environment-specific
data with minimal interaction trials while providing the best-suited data for model adaptation. Meanwhile, meta-learning
exploits past experience to train a data-driven model prior such that the model can be online fast adapted to the new
environment. Afterwards, model-based optimal control strategy is utilized to drive the robot to desired performance. Finally,
new environmental data is recorded into the experience dataset after adaptation.

people in a showering activity, as shown in Fig. 1. Elderly
people need assistance in their daily tasks due to age-
related functional loss while showering is one of the most
critical but high risk task [16]. The soft robotic manipulator
exploits the principle of soft robotic technologies to ensure
safe and comfortable human-robot interactions during the
intimate showering activity [17]. In order to successfully
assist the showering task, it would require simultaneous
position and force control for the soft robotic manipulator
[18]. However, humans may have uncertain motions during
showering, such as forward-backward, upward-downward,
and left-right movements. This causes big challenges for the
control of soft robotic manipulator because of unpredictable
interaction environments. Furthermore, nonlinear properties
of soft robots and system uncertainties make it a difficult task
to acquire accurate models. Previous hybrid position/force
control methods [19]-[21] usually require analytical models
that are difficult to derive for soft robotic manipulators
without making significant simplifications. Moreover, most
control strategies developed for soft robots are limited in free
space without constrains or interactions with static structured
environments [22], [23].

To achieve our target that the soft robotic manipulator
can have desired interactions with unknown environments,
we propose a meta-learning-based optimal control approach
combined with a data-driven model. The basic idea of our
approach is described in Fig. 2, which consists of three
key components, i.e. target-oriented proactive search, meta-
learning with the online adaptation of a data-driven model,
and model-based optimal control. First, the target-oriented
proactive search aims to collect environment-specific data
efficiently to minimize interaction trials. Different from
passive learning [24] or random search [25] that may take
unnecessary actions, the proactive search is based on the
idea of active learning [26] that robots will take purposeful
actions to gather effective data when facing a prior unknown
environment. These effective data best realize a learning
objective. A recent study in [27] also uses proactive online
planning to successfully detect unsafe situations for drones.
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Our proactive search strategy is built upon Bayesian opti-
mization to find optimal control actions because Bayesian
optimization is an efficient approach for finding optimal
values of expensive cost functions [28]. Additionally, a data-
driven probabilistic model is established to represent system
dynamics, which explicitly captures system nonlinearity and
uncertainty. Meta-learning exploits history data information
for fast online model adaptation. Previous data-driven meth-
ods [18], [29] that controlled continuum/soft manipulators to
achieve position and force control were conducted in static
unchanging environments. These methods heavily relied on
environment-specific data and thus would have poor per-
formance when the environment changes. Finally, optimal
control actions are computed by minimizing a cost function
based on the learned model.
Major contributions of this study include:

« developing a meta-learning-based optimal control ap-
proach for soft robots;

« controlling the robot’s position and contact force simul-
taneously in uncertain changing environments;

o presenting a target-oriented proactive search strategy to
minimize interaction trials.

The rest of this article is organized as follows: Section II in-
troduces a data-driven probabilistic model and meta-learning
to train model parameters; Section III presents the details
of target-oriented proactive search strategy and model-based
optimal control policy; Section IV demonstrates experimental
results of a soft robotic manipulator; Finally, Section V
concludes this article with a summary of achievements and
discussion for future developments.

II. MODEL LEARNING

In this section we present a data-driven method to model
the system dynamics and a meta-learning algorithm to train
the model parameters.

A. Data-driven Model

We model the soft robotic system using multi-task Gaus-
sian Process (GP) [30]. The multi-task GP can describe a
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Fig. 3: The performance comparison between meta-learning
and direct learning in terms of a simple 1-dimensional
sine wave. The amplitude and phase of the sine wave are
randomly changed. Direct learning only uses the current
sample points while meta-learning also exploits previous
function information. Meta-learning obviously outperforms
direct learning after 5 function changes.

multi-input multi-output system and its probabilistic prop-
erty can explicitly capture system uncertainties as well as
correlations among outputs. In our robotic system, state ;1
at time ¢ + 1 depends on both state z; at time ¢ and action
u; as well as sensor observation noise. This relationship is
described as follows:

(D

with state variables z; € RM*1 control actions u; € RP*1,
and i.i.d. Gaussian system noise w € RMx*1 each w; ~
N(0, ¢2,), and the transition dynamics f. The Gaussian
process f can be completely determined by its mean function
and covariance function. To learn the Gaussian process from
data, we use tuples v; = [z;,u;] € RMFTPIX1 aq training
inputs and y; = x;1; as training outputs. In this study, we
assume that the GPs have zero mean. We directly induce
correlations between outputs by using a positive semi-definite
matrix K/ € RM*M and a squared exponential covariance
over training inputs:

Ty = foe,u) +w

1
F' (i, v5) = ofexp (= (v —v)) L7 (i = v))) (2

the variance, L
diag([i3,- Bpl) € ROHDISGIID) g
characteristic length-scale. Given N training inputs
V = [v1,v9,--- ,uy] € RVX(PEM) and corresponding
observations Y veclyi, Y2, - ,yn| which is the
vector of function values corresponding to y, i.e.
Y = (yi, - Un1 Y12, YN Ui YNM) T €
RMNX1" the predicted state at test point v; = [m¢,u;] is
Gaussian distributed with the mean g and variance ¥ as
follows:

P(@iy1|e,ue) = N( @i |1, Bir)
pi = (K' @ k) TK™'Y

where o} s signal

3

S = (K o k) — (K ok 'K (K okt) O
K=K'@oK’'+%2,®1I

where ® denotes the Kronecker product. KV € RN*N

is the matrix of covariance between all pairs of train-
ing points, ie. K} k' (vi, vj), B, € RM*XM jg
a diagonal matrix in which the (i,4)th element is o2,
I is an identity matrix with proper dimension. k*
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Algorithm 1 Meta-learning for Model Parameters
1:

Input: Already collected J environments, randomly
initialize @, new environment data.

2: Output: Learned model parameters 8* for the new
environment.
for iteration =1, 2, ---, J do

Sample date from collected environments
Compute the gradient of loss function in Eq. (5)
Calculate model parameters 6’ in Eq. (6) by m steps
Update § < 0 + a(80' — 0)

end for

Train on new environment data by steps 5 to 7.

D S RSN

(kY (ve, v1), kY (vs, v2),- , kY (vy, vi)] € RV is the
vector of covariance between the test point v, and all the
training points V, k** = k(vs, v:) € R is covariance of
test point itself.

B. Meta-learning for Model Parameters

A
[9]
(0: {07, Owis lis Kifj})) of the Gaussian process
model. The meta-learning algorithm assumes that all
environments (including both trained and unknown ones)
are drawn from the same distribution and share a common
structure that can be exploited for fast learning. The goal
of this meta-learning algorithm is to find a proper initial
model parameters @ based on a loss function such that the
learned model parameters @’ can be quickly adapted to the
new environment by taking only a few gradient descent
steps from the initial parameters.

The loss function of meta-learning is the negative log-
likelihood of data under the Gaussian process model:

L) =—-1logP(Y|V,0)
= %[YTK%Y +log |K| + N log 27]

(8],

(i.e.

gradient-based
designed

meta-learning  algorithm

is to train  hyper-parameters

“4)

According to [31], the gradient of the loss function with
respect to model parameters can be computed as follows:

oL 1 oK 1 oK
— = YTK ' _ K'Y+ -tr( K '
o6, 2 90, ah ( aoj)
1 1 1 1y OK ®
Then the model parameters are updated by gradient descent:
OL(9)
0=0—-a——~ 6
“"oe ©

where « is the step size. The procedure of meta-learning is
described in Algorithm 1. Firstly, the model parameters are
randomly initialized. Then we take sampled data from pre-
viously collected environments. Afterwards, the parameters
are updated according to these sampled data using gradient
descent. Lastly, the meta-learned parameters are trained to be
adaptive in the new environment. Figure 3 shows a simple
demonstration of a one-dimensional sine wave. The sine



wave changes its amplitude and phase randomly from the
same distribution. When compared with direct learning that
only uses current sample points, meta-learning shows better
performance because of the learned meta knowledge.

III. CONTROL POLICY

During the model parameter learning process, new envi-
ronment data needs to be collected for training environment-
specific parameters. Instead of random collections, we use
target-oriented proactive search strategy to improve interac-
tion efficiency. After the learned parameters, model-based
optimal control is applied to achieve desired performance.
The details of our control policy are described in the follow-
ing subsections.

A. Target-oriented Proactive Search

The target-oriented proactive search is based on the theory
of Bayesian optimization. Bayesian optimization is one of
the most efficient approaches to find optimum values of an
objective function with a minimal number of function evalua-
tions required [28]. The objective function can be non-convex
without closed-form expression, as long as observations can
be obtained at sampled actions [32]. The objective function
during proactive search is defined as:

G(z) =exp (- %(mt —z) A Nz —2) (D)

where z* is the target state and A is a weight matrix.
Since the system model is unknown in a new environment,
we assume a commonly used Gaussian process prior over
the objective function. Then a surrogate model g can be
derived as a Gaussian process regression. Given 1" inputs
U = [uj,us, - ,ur| and corresponding outputs G =
[G1,Ga, -+ ,Gr], the posterior distribution of g at a test
point u is as follows:

9(u) ~ GP(u(u), o°(u))
pu) =k"K'G  o*(u) = k(u,u) —kTK 'k
where k is a squared exponential kernel, k is kernel vector
(ki = k(u,u;)) and K is the kernel matrix (K;; =
k(u;,u;)). This GP model can be learned by evidence
maximization [31].

Based on the surrogate model, an acquisition function is
designed to guide the search for the optimum. We can select
an control action that has a high probability near optimum
by maximizing the acquisition function. Here, expected im-
provement (EI) is utilized as our acquisition function because
EI balances the amount of improvement and the probability
of improvement [33]. The expression of EI is given by:

Blw) = [ (9(u) = 4" (uw).o*(w) dy(w)

g*
(utw) = gy )

where ¢* is the currently observed maximum G value, ®
is normal cumulative distribution function, and ¢ is normal
probability density function.

®)

oo

. O

pu) —g
o(u)

)+ o(u)g(
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B. Model-based Optimal control

After the target-oriented proactive search, environment-
specific data are collected and model parameters are learned
to adapt to the new environment. Based on the learned model,
the optimal control actions u; are computed by minimizing
a cost function C(z;) = 1 — G(x;) (G(x,) is in equation 7).
The expression is given by:

uy = arg min E[C(x})]

Ut

E[C(z:)] = /C(xt)P(xt)dwt =1-R (10)

1
R= /exp( - i(zt —z*) A (2 — o)) P(z:)day
From equation (3) we know that P(z;) ~ N(u, ).

Then R can be computed as the product of two Gaussian
distributions:

R :\/|27TA|/H(wt)7?(a:t)dxt

H(xy) ~N(x*, A) Px) ~ N (e, o)

(1)

Based on the production rule of two Gaussians [34], R can
be further computed as follows:

R = |H|1/2|2t|71/22
1
Z=exp|— i(x*TAfla:* +pi S ' pe —h"H 'h)]
H=A"'+3zH"
h=HA 2"+ %'y,
(12)

By simplifying equation (12), we can finally get the expected
cost value as follows:

E[C(z:)] =1 — | + A2

L — o) (®+ M) (e - 27)]

X exXp [— §
(13)

we compute the gradient of the expected cost value E[C ()]
with respect to control action u; to find the solution. Ac-
cording to the chain rule of derivative, we can compute the
gradient as follows:

OE[C(z))] _ OE[C(z:)] Ops oz,
aut 3,ut 8'U¢ 82,5 aut
The partial derivatives OE[C(z;)]/Ou:, OE[C(x1)]/0%; of

the expected cost with respect to the mean and the variance
of the state distribution P(z;) ~ N (s, Xt) are needed.

OE(C(@)) 0%,

aE[aC,fm = E[C(x,)] x (m — )" (S +A)~!
%z(ft” = —3ElC() % {(zt +A)~! (15)

(i — ) (1 — )T —I}(zt A



Algorithm 2 Meta-Learning-Based Optimal Control

Input:Meta-learned initial model parameters

Input:Encounter a new environment

Output:Desired control performance

repeat
Perform target-oriented proactive search for 7' trials
Collect environment-specific dataset
Train model parameters on the environment-specific

data from the meta-learned initial parameters

Perform model-based optimal control

. until Desired performance achieved

Record the new environment dataset into history data

A U o

*®

Then we continue to compute the derivatives of mean and
variance with respect to control action.

8/1,t ok*

B = (K’ ® %)TK%Y
Z% = 2(K (K ok")" (K @ g—z:) (16)
[g’;:] ; = —kie,L ' (v, —v;)
where e; € R>*(P+M) j — 12... D is a vector in

which all components equal to 0, except the jth element
to be 1. kf = k¥(vy, v;), v; €V,,i=12--- ,Nis
covariance between the test point v, and the ¢th training
points in V, L is the length scale in equation (2). According
to equation (13)-(16), gradient-based methods can be utilized
to find the solution of equation (10) such as the fmincon
function provided by the MATLAB optimization toolbox.

Procedures of the complete control policy is listed in Algo-
rithm 2. To begin with, when a new interaction environment
occurs, target-oriented proactive search is performed for T’
trials. Meanwhile, environment-specific data are collected
to train the model parameters from the meta-learned initial
parameters. After parameters learned, model-based optimal
control actions drive the robot to desired performance. Lastly,
the new environment data are recorded into the history
dataset to prepare for the next new environment.

IV. EXPERIMENT VALIDATION

This section presents an experimental validation of the
proposed control approach, using a soft robotic manipulator
system developed at Sant’Anna School of Advanced Studies
by Manti and her co-authors [35].

A. Experimental Setup

The experimental setup (shown in Fig. 4a) consisted of:
(1) a soft robotic manipulator: one of its end was installed
with motors and mounted on an aluminum frame. The other
end was covered by a green ball-like bath sponge, the center
of which was the point of interest (Pol); (2) a manikin
is used as the interaction environment for the soft robot;
(3) pneumatic set-up: the control box contained six pro-
portional pressure-controlled electronic valves (K8P Series,
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Fig. 4: (a) Experimental setup. A manikin acts as the interac-
tion environment for a soft robotic manipulator. One end of
the robot is fixed as coordinate origin. Y-axis pointed to the
manikin and Z-axis pointed to the ground. The other end is
covered by a green bath ball and its center is point of interest
(Pol). A force sensor is embedded in the bath ball to detect
contact force. The air compressor supplies air pressure for
pneumatic actuators. The control box contains proportional
valves and Arduino boards. A RealSense camera detects
the position of Pol. The control algorithm is implemented
on a personal computer. (b) The structure of soft robotic
manipulator consists of two identical modules and each
module is a combination of pneumatic actuators and cables.

EVP Systems, Output: 0-3 bar), one filter (EVP Systems:
MC-104FB0), one manometer (EVP Systems: M043-p12 0-
12 bar), one Arduino Due. One standalone air compressor
supplied pressure; (4) tendon set-up: six Hs-785hb Hitech
Sail Winch Motors; (5) position sensor: a fixed camera
(RealSense D435) detected the position of Pol that was
marked by green color and the position of target that was
marked by red color (as shown in Fig. 5); (6) force sensor:
an ATI Nano25 force sensor was embedded in the bath
ball to detect contact force; (7) the control algorithm was
implemented in a computer (64-bit operating system, 15-6600
CPU, 3.30GHz). Since the success of wiping the manikin
back mainly depended on the orthogonal force applied to
the human body, so we controlled the tip position on the
body surface (X and Z positions) and the tip force exerted
in the Y direction (orthogonal force).

The soft robotic manipulator consists of two intercon-
nected and identical modules as shown in Fig. 4b. Each
module includes a combination of three pairs of McKibben-
based actuators and three cables which are alternately dis-
placed at an angle of 60° along a circle with a radius of
30mm. A layer-by-layer reinforcement structure is inserted
along the entire module to constrain undesirable lateral and
torsional movements. The total length of the soft robotic
manipulator is 375mm and total weight is 220 grams. Cables
and pneumatic actuators are decoupled, meaning that each
one has a dedicated activation line for tension and pressure
regulation, respectively. Meanwhile, the antagonistic actua-
tion (pneumatic-cable) enables stiffness adaptation to tasks.
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Fig. 6: Experimental results. Red solid lines are tracking targets in each new environment. Green dotted lines show that the
robot takes proactive actions to search the new environment and thus the states appear more fluctuations. Blue dashed lines
are optimal control states after model parameters have been adapted to the new environment. The actual states can finally

reach the target states.

B. Experimental Results

Before experimentation, we applied random control ac-
tions to collect initial history data under three randomly
selected environmental situations (J = 3 in Algorithm 1).
Each situation contained 20 state-action pairs. During the
experiments, the step size in equation (6) was set as 0.01
(o = 0.01), the weight matrix in equation (7) was an identity
matrix (A = I), the trial of target-oriented proactive search
is 10 (I' = 10 in Algorithm 2), the gradient step is 3
(m = 3 in Algorithm 1). To test the control performance
of our method, we randomly moved the manikin’s position
to create unknown changing interaction environments, as
shown in Fig. 5. The red label on the manikin’s back was
the tracking target that the soft robotic manipulator was
controlled to achieve. The position of the red label was
captured by the RealSense camera while the desired contact
force was specified by the experimenter. The manikin was
not moved until the current target was reached.

The experimental results are shown in Fig. 6 (see also
supplemental video). Red solid lines are target states, green
dotted lines are actual states during the proactive search
stage, and blue dashed lines are actual states during the
optimal control stage. The manikin was randomly moved 5
times corresponding to the tracking target changed 5 times.
Each tracking target lasted 20 seconds during which 10
seconds were for proactive search and the remaining 10
seconds were for optimal control. We could see that when
the soft robotic manipulator was in a previously unknown
environment, the robot exploited its compliance advantage
to search the new environment in a safe and proactive way.
Actual states appeared fluctuations but within an accepted
range. Since the data-driven model relies on environment-
specific data to make state predictions, the proactive active
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search is performed in each new environment. After the
proactive search stage and collected environment-specific
data, the data-driven model was trained from the meta-
learned initial parameters to adapt to the new environment.
The actual states by optimal control showed more stable
performance and could drive the robot to the target states.

V. CONCLUSION

In this work we developed a meta-learning-based op-
timal control approach for a soft robotic manipulator to
interact with unknown environments. To begin with, the
meta-learning exploits history data information to enable
fast online model adaptation. In addition, the proactive
search provides an efficient strategy for the robot to collect
environment-specific data with minimal interaction trials.
Lastly, model-based optimal control drives the robot to
desired targets. Through our approach, a soft robotic ma-
nipulator could be controlled to achieve desired position and
contact force simultaneously in unknown changing environ-
ments.

In our future work, we will compare our approach with
other state-of-the-art methods such as the Neural-Fly method
in [15] and the FAMLE method in [12]. On the other
hand, this approach has limitations in situations where the
interaction environment changes continuously. One possible
solution is to develop an offline control policy structure
combined with online adaptive hyper-parameters [14]. We
will further improve the adaptation speed of our approach.
Overall, this work applies meta-learning principles to the
control of soft robots and demonstrates a viable control
approach for the soft robotics community.
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