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Abstract—Pneumatic soft robots are prized for their
flexibility in achieving adaptable deformations and com-
pliance adjustments. However, the conventional pumps
used in these systems often rely on simplistic, sensorless,
and ON–OFF control mechanisms, which limit the poten-
tial of these robots. Drawing inspiration from the intricate
functionality of the natural heart-pumping mechanism, we
present an innovative and versatile pump that integrates
an antagonistic pumping mechanism with a reinforcement-
learning-powered control strategy. The antagonistic pump
features dual chambers for expansion and deflation, valve-
controlled interconnections, and distributed pressure sen-
sors. This dedicated architecture enables a nuanced air
exchange logic and pumping sequence, thereby facilitating
a wide range of pneumatic actuation possibilities for pneu-
matic soft robots. Our pressure control method leverages
the structural capabilities and degrees of freedom inherent
in the pump, enhancing pumping efficiency and precision.
Diverging from the traditional controllers, it autonomously
evaluates the properties of unknown connected loads and
dynamically adjusts pumping actions accordingly. Conse-
quently, the pump provides multiple pumping modes, in-
cluding load perception, rapid inflation, dual-load control,
adaptive pumping across positive and negative pressure
ranges, fine-tuning, and instantaneous pressure switching.
Moreover, by iteratively executing the pumping cycle, the
pump can extend its output pressure limits. We have suc-
cessfully built and tested a prototype pump, validating its
ability to achieve a broad range of pressures with precise
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and robust control. These results underscore the pump’s
potential to actuate diverse soft robots through multimode
pumping, offering a pioneering solution for universal soft
robot actuation and control.

Index Terms—Intelligent system, pneumatic actuation,
reinforcement learning, soft robotics.

I. INTRODUCTION

PNEUMATIC soft robots have garnered significant attention
in academic and engineering domains due to their remark-

able performance in applications that necessitate compliance,
adaptability, and dexterity [1], [2], [3], [4]. Ensuring effective
pneumatic actuation and control is crucial for enhancing task
performance and facilitating safe interactions of soft robots
while minimizing reliance on accurate sensing and computa-
tional costs [5], [6].

Diverse soft robot designs demand distinct actuation methods.
For instance, traditional industrial pumps [7], such as piston
pumps, with simple binary pneumatic control can accomplish
ON–OFF control of pneumatic pressure, which suffices most soft
grippers in pick-and-place scenarios. However, more complex
soft robots, such as grippers for in-hand manipulation or locomo-
tion robots, necessitate precise pneumatic pressure perception
and flexible pressure adjustments to accomplish specialized
movements [8]. Traditional pumps often have limited pumping
modes and, therefore, have difficulties in such cases.

Moreover, various soft robots can be constructed using dif-
ferent elastic materials with varying actuation chamber sizes.
Incorporating knowledge of these models as priors can enhance
pressure control performance by predicting the specific effect of
control actions on the target robots. However, the conventional
pressure controllers typically employ a uniform control strat-
egy for all soft robots, neglecting the unique characteristics of
individual soft robot models.

Consequently, there arises a need for a pneumatic pump
capable of achieving multiple pumping modes and employing
adaptive and antagonistic pumping strategies tailored to diverse
soft robots and target pressure profiles.

Nature offers intriguing examples of specialized pumping
mechanisms that have evolved in various biological organs
to facilitate circulation and regulate pressure. Among these,
the circulatory systems of animals stand out as quintessential
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Fig. 1. Overview of the bioinspired antagonistic pump and its learning-
based control strategy. (a) Typical two-chamber (atrium and ventricle)
fish heat. (b) Antagonistic pump contains five valves and two chambers.
(c) Pump operates through a programmable pumping cycle. Each cham-
ber can alternate between being a compression chamber and a reser-
voir, which provides multiple pumping modes based on reinforcement
learning.

biopumping systems [9]. In this context, both mollusks [10] and
fish [11] feature two-chambered hearts, comprising an atrium
and a ventricle [see Fig. 1(a)]. Conversely, vertebrates [12]
boast multichambered hearts, including two atria and one or
two ventricles [13]. This atrium-to-ventricle configuration is a
recurring theme across diverse animal species, regardless of their
size and habitat. Within this structural framework, the atrium
acts as a reservoir for receiving blood, while the ventricle propels
blood outward at precisely controlled pressures. This fundamen-
tal architecture offers inherent advantages for ensuring efficient
circulation.

We draw inspiration from these natural pumping mecha-
nisms, focusing particularly on two-chambered hearts achieving
complete inner body circulation, such as the fish heart as an
illustrative example. A typical fish heart connects its atrium and
ventricle through an atrioventricular valve [see Fig. 1(a)], which
meticulously regulates blood flow. In addition, the sinoatrial
valve at the atrium’s inlet and the bulbar valve at the ventri-
cle’s outlet [see Fig. 1(a)] play crucial roles in this process.
To elucidate the fish heart’s operation, when muscle bundles
contract, the atrium’s volume decreases, prompting blood to
flow from the atrium to the ventricle via the atrioventricular
valve. However, natural two-chamber hearts are usually limited
to unidirectional pumping without negative pressure capabilities
or pressure regulation, which is not desirable for soft robot
applications.

Expanding upon the natural two-chamber heart mechanism,
we propose a bioinspired antagonistic pump that inherits the
natural pumping efficacy and enhances the overall performance.
The antagonistic pump consists of a pair of soft actuators inter-
connected via valves and monitored using distributed pressure
sensors, employing a two-chambers-and-five-valves structure

Fig. 2. Typical positive pressure pumping cycle with seven steps. “Atm”
represents the atmosphere, and “output” represents the pneumatic
loads, such as soft robot actuators.

[see Fig. 1(b)]. This design maintains an inner circulation and in-
corporates an outer circulation of air [see Fig. 1(c)]. Each cham-
ber can alternate between being a compression chamber and a
reservoir. This is achieved by compressing gas in one chamber,
while the other serves as a reservoir for the compressed gas.
Subsequently, their roles switch, with the former compression
chamber becoming the standby reservoir and vice-versa. This
repetitive process incrementally increases or decreases chamber
pressure. Before equalizing the pressure of a chamber with the
pneumatic load, the output chamber’s pressure is preadjusted to
a desired value. A typical cyclic process with seven steps for a
continuous positive pressure output is illustrated in Fig. 2.

Antagonistic pump embodies three distinct characteristics
that confer significant advantages over the conventional pumps.
First, through the iterative repetition of this cycle, the pump
achieves progressively higher pressure limits. Each successive
iteration of the pumping cycle consistently attains greater pres-
sure thresholds than its predecessor. Second, the process demon-
strates symmetrical versatility with respect to directionality.
Both chambers are capable of functioning as either compres-
sion chambers or reservoirs, affording the flexibility for both
chambers to serve as output chambers. In extreme scenarios,
the antagonistic pump can intelligently assign roles to the two
chambers, enabling it to control two pneumatic loads simulta-
neously. Third, the pump has the unique capability to generate
either positive or negative pressure, contingent on whether the
chambers are compressing or expanding. This adaptability al-
lows the pump to effectively track complex pressure curves.
Collectively, these advantages endow the pump with multiple
pumping modes, rendering it well suited for actuating a diverse
range of soft robots.

To govern the output pressure, we have introduced a
reinforcement-learning-based controller that accurately predicts
the subsequent pumping actions, such as chamber expansion or
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deflation, and valve opening or closing based on the current
pump and load pressure. By executing a sequence of actions in
a predefined order, the controller can effectively and efficiently
adjust the pressure to the desired value [see Fig. 1(c)], leveraging
the pump’s degree of freedom and sensing capabilities. This
imbues the pump with the intelligence required for flexible
pumping movements and robust pressure control, distinguishing
it from traditional industrial pumps. In addition, we developed
an interactive load context perception method to automatically
adapt to different types of soft robots without prior knowledge
of their specific characteristics. By discerning the essential traits
of the soft robots being actuated, the pump can rapidly adapt
to previously unseen soft robots with varying chamber sizes
and stiffness in a few steps. The proposed learning method
can be trained entirely in simulation and seamlessly transferred
to the real world without physical demonstrations or training.
A prototype of the bioinspired antagonistic pump has been
successfully applied to several typical robotic applications that
demand versatile pumping. The contributions of this work can
be summarized as follows.

1) Introducing an antagonistic pump that encompasses mul-
tiple pumping modes, including unknown load percep-
tion, rapid inflation, double-load control, adaptive pump-
ing across positive and negative pressure ranges, pre-
cise fine-tuning, and instant pressure switches. By pro-
grammable repeating the pumping cycles, the output pres-
sure limits can be adjusted.

2) Proposing an on-demand pressure control method that
intelligently determines the appropriate pumping actions
for different soft robots based on reinforcement learning.

II. BIOINSPIRED DESIGN

A. Antagonistic Pumping Mechanism and Antagonistic
Pump Design

The heart, a vital organ in numerous animal species, drives
blood throughout their bodies. Cardiac chamber configurations,
essential for this function, vary across the animal kingdom [14].
Arthropods have a basic single-chambered heart, providing rudi-
mentary pumping [15]. In contrast, mollusks and fishes have a
more advanced two-chambered heart, comprising a ventricle and
an atrium [16]. Mammals, birds, amphibians, and reptiles pos-
sess complex multichambered hearts, vital for maintaining body
temperature [17]. These cardiac designs share a fundamental
atrium–ventricle framework, regulating blood pressure. In this
structure, chambers have specialized roles: the atrium collects
oxygenated blood, buffering venous return from ejection, while
the ventricle propels it into the body.

Cardiac muscles and valves are critical [18], [19]. During
diastole, atrial and ventricular muscle relaxation coincides with
the opening of the sinoatrial valve, allowing blood inflow, and
replenishing the atrium. Atrial contraction propels blood into the
ventricle, aided by the atrioventricular valve, which prevents
backflow. In systole, vigorous ventricular muscle contraction
opens the bulbar valve, facilitating blood ejection. It is indi-
cated that two-chamber or multichamber structures have better
control over fluid pressure and flow rate than the single-chamber

Fig. 3. Antagonistic pump designs. (a) Schematic diagram of the
pump. The pump is composed of a pair of antagonistic origami cham-
bers, chamber supports, and switch heads with hydrophobic membrane.
(b) Origami chambers can expand and contract. Pneumatic pressure
in the left and right chambers can be changed simultaneously by the
antagonistic movement. The amount of liquid filled inside the chambers
can adjust the upper and lower bounds of the pressure output range.
(c) Schematic of the gas connections for the pump. The syringes are
employed for liquid infilling.

structure. A typical fish heart has a two-chambered design, com-
plemented by three valves, maintaining inner blood circulation
and optimal pressure [see Fig. 1(a)].

While natural heart pumping excels at providing pressure
for inner body circulation, it faces limitations in adapting to
soft robot actuation needs, such as multidirectional actuation,
negative pressure actuation, and precise pressure adjustment.
The antagonistic driving mechanism, known for its effectiveness
in force and stiffness actuation, offers a promising solution for
addressing these pressure actuation challenges. By configuring
the two chambers in an antagonistic manner, we enable them
to mutually pump and finely tune the desired pressure output,
as depicted in Fig. 1(b). Each chamber can seamlessly switch
between acting as an actuation chamber and serving as a reser-
voir. When a chamber expands, it can draw in air, generating
negative pressure; conversely, when the chamber compresses, it
expels air to produce positive pressure. We term this innovative
mechanism the “antagonistic pumping mechanism.”

However, directly copying the cardiac muscles in artificial
pump design is challenging due to fabrication limitations. And
soft robot actuation usually requires more versatile control of
fluid pressure than animal bodies. Past research found that
origami actuators can guarantee safe and forceful interaction
in soft robots. It has been shown that origami actuators can
withstand significant pneumatic pressure (positive and nega-
tive). Therefore, instead of directly copying cardiac muscles,
our pump design adopts another actuation method suitable for
soft robot actuation (see Fig. 3). Each chamber is a linear origami
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actuator with a free and fixed end. Two free ends are connected
through a moveable part. When it moves to the left or right,
both chambers’ volumes change simultaneously, while the total
volume of the two chambers remains almost constant.

Besides cardiac structure, we learn from animal hearts that
cardiac muscles and valves are equally important. Because
cardiac muscle contraction and relaxation cause fluid to flow
in and out of the heart, and cardiac valves direct fluid to the
correct chambers and control the inlet and outlet of the heart [19].
More importantly, the heart cannot function without the close
cooperation between the actions of cardiac muscles and valves.
In each cardiac cycle, the blood flows in the desired direction
with the help of the opening or closing of exact cardiac valves
[19]. The blood maintains proper pressure, thanks to the exact
muscle actions. Different from the fish heart’s two-chambers-
and-three-valves structure, we take a step further and intro-
duce a novel and more flexible two-chambers-and-five-valves
structure to include the air exchange with the atmosphere, as
shown in Fig. 1(c). Specifically, we set a solenoid valve that
connects two chambers of the pump, two solenoid valves at the
inlets of both chambers that control the connectivity between
chambers and atmosphere, and two valves at the outlets that
control the connectivity between chambers and pneumatic loads.
This improvement allows the pump to maintain not only an
inner circulation but also an outer circulation of air. For state
sensing, distributed pressure sensors are placed inside the pump
chambers and the outlets.

In total, the pump has five valves and a moveable part that can
be actively controlled. We denote the state space asS = {s|s =
[v1, v2, v3, v4, v5, p]}, where vj = 0 for valve close and vj = 1
for valve open, and p is the continuous position of the moveable
part. Let A = {a|a : s → s′} be the action space, where a is
the pumping action. Thus, unlike related works with only one or
two states, the antagonistic pump has versatile pumping actions.
These pumping actions involve complex air exchange among the
atmosphere, the pump, and soft robots being actuated through a
unique pumping cycle.

Due to the nature of complex air exchange in the pump and
discrete action space, it would be challenging for traditional
control methods, such as the proportional-integral-derivative
(PID) [20] and model predictive control (MPC) [21], to con-
trol the output pressure of the pump. Besides, an unknown
pneumatic load will increase the difficulty of precise pressure
control. The antagonistic pump and pneumatic loads are hard
to precisely model for control because both are deformable.
Toward developing a robust and accurate control strategy that
can handle multiple local optima in the objective function and
unknown load, we designed a novel pressure controller based
on the reinforcement learning.

B. Antagonistic Pump Fabrication

Origami actuator consists of discrete facets and creases, where
different crease patterns result in different morphologies and
functions when folded. The origami actuators exhibit inherent
compliance compared with the conventional rigid counterparts
and significant strength compared with purely soft counterparts.

Therefore, the origami actuator can bear large pressure and
maintain interaction safety, which is desired for soft robot ac-
tuation. Therefore, we use the origami actuators as the pump
chambers. Among various patterns, we chose the accordion pat-
tern (also known as the triangular fold pattern) [22] to design our
chamber [see Fig. 3(a)], for a large extension and compression
ratio. The valley of the folding feature can be raised and lowered,
and the mountainous feature is fixed. The body has a rectangular
profile with customizable parameters. The body of the chamber
can be easily scaled up for different applications.

In order to accommodate a wide range of soft robots with
various applications, the pump is supposed to have customizable
upper and lower pressure bounds. This is realized by the liquid
infilling technique [see Fig. 3(b)]. Namely, we infill customiz-
able amounts of liquid into both chambers, and the remaining
chamber volume not occupied by the filling is valid for pumping
gas. The infilled liquid is sealed by a hydrophobic membrane that
allows gas to pass but stops liquid. In this way, the upper and
lower pressure bounds of the pump can be controlled by the
infilling volume. The overall schematic of the gas connections
is given in Fig. 3(c).

We fabricate the prototype chambers with a three-dimensional
printer using thermoplastic polyurethane materials (hardness =
83 A) at a temperature of 220 °C (nozzle size = 0.2 mm; layer
thickness = 0.1 mm; shell thickness = 1.5 mm; printing speed
= 30 mm/s; and print infill density = 100%). Furthermore, to
prevent buckling, we add supporting ribs inside and outside
the chambers [see Fig. 3(a)]. The supporting ribs are specially
designed so that the chambers can deform along the axial di-
rection while keeping stiff in other directions. The hydrophobic
membrane is made of expandable polytetrafluoroethylene, al-
lowing air to pass through and hinder water flowing outside of
the chamber.

C. Comparison With Conventional Pump Designs

Typically, conventional pumps, such as piston pumps and
diaphragm pumps, only have one chamber for gas compression
[23]. This causes a significant limitation that single-chamber
pumps only blow out gas on one piston stroke, i.e., they blow
gas when the stroke is in one direction and refill the chamber
in the other direction. However, the proposed pump can blow
out gas on both strokes of chamber movements (see Fig. 2).
Therefore, it blows a stronger and more constant blast than
typical single-chamber pumps.

For constant blast, double-acting pumps have been proposed
[24], [25], featuring two chambers and can expel gas during
both strokes. However, double-acting pumps have limited and
constant maximum positive and negative output pressure (MOP)
throughout every pumping cycle due to their inability to transfer
gas between the two chambers. The MOP is strictly determined
by the ratio of the maximum chamber volume during expansion
to the minimum chamber volume during compression, which
means MOP can only be increased by building a larger pump
if the minimum compression volume is not changeable. In
contrast, thanks to the fish heart-inspired structure, each chamber
of the proposed pump can function as a compression chamber
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or a reservoir. By transferring gas between two chambers, the
proposed pump has greater MOP during subsequent pumping
cycles, as confirmed in the experimental analysis. This trans-
ferring gas is achieved by intelligently controlling the inner
valve action and the corresponding chamber movements using
reinforcement learning. Since the actual chamber volume does
not strictly constrain the MOP of the proposed pump, it can
achieve larger MOP by repeating the pumping cycles even with
small-sized chambers, which offers potential advantages for
miniaturized robots/pumps’ applications.

III. MODELING

Our goal is to achieve versatile pumping for soft robot actua-
tion. Namely, it can generate continuous positive/negative (+/−)
output, instant +/− switch, accurate pressure adjustment, and
adaptation to various soft robot actuators. Compared with indus-
trial pumps that can only output constant and stable pressure or
pneumatic flow, versatile pumping enables soft robots to perform
more complex tasks that require not only constant pneumatic
output. For example, versatile pumping can output positive
pressure in one chamber and negative pressure in the other
chamber simultaneously, which can actuate one joint of a soft
manipulator to rotate in the positive direction and another joint in
the negative direction. Although the design of the pump provides
the possibility of versatile pumping theoretically, it is not trivial
to control the pump to actually realize it. The reasons are
fourfold. First, the pump has multiple degrees of freedom. This
results in a high-dimensional action and state space, which is
complex to control. Furthermore, there are correlations between
the different degrees of freedom. For example, the moveable
part’s movement causes an increase in the difference between
two-chamber pressure, while the opening of the internal valve
results in an opposite effect. Second, like its natural counterparts,
the pump can naturally pump periodically. However, the state
transitions between cycles are recurrent, meaning the initial
state of the next cycle always depends on the end state of the
previous cycle. Although traditional controllers can control the
pump inside one cycle, they cannot handle pumping states and
actions in different cycles. Third, since our goal is universal
soft robot actuation, the pump must accommodate various soft
robot actuators with different sizes and softness. These different
parameters of pneumatic loads will affect the optimal pumping
behavior of the pump. Fourth, the accurate dynamic modeling
of the chambers and loads is challenging. All four reasons chal-
lenge traditional controllers that are usually used in pumps. To
solve this complex control problem, we first derive an analytical
model of the pump and then design a pneumatic controller that
can learn optimal pumping actions by itself in the real world and
simulation based on the derived model.

The cross section of the origami actuator [the orange mask in
Fig. 4(b)] is a rectangle. Its area varies at different cross-sectional
heights h due to the geometry pattern of the origami actuator

S = (a+ 2d)

[
a+

(√
2c− 2d

)√
1 − 2h2

y

c2

]
(1)

Fig. 4. Analytical modeling of the pump chamber. (a) One layer of the
chamber. (b) Top view of one layer of the chamber. (c) Right-side view of
one layer of the chamber. (d) Left-side view of one layer of the chamber.

where a is the constant, and d is determined by

d =

√
2

2
c

(
1 − h

hy

)
. (2)

Combining (1) and (2), we obtain the volume of a layer

Vy = 2
∫ hy

0
S (h) dh = 2a2hy +

√
2achy

+

(√
2c− 2

3
a

)
hy

√
c2 − 2h2

y. (3)

An origami actuator chamber is composed of m layers. When
the chamber lengthL is changed by the motor, the length of every
layer changes according to Ly = L/m = 2hy , assuming that
the chamber deformation is uniform along the axial direction.
Therefore, the chamber volume can be written as follows:

Vc = mVy − Vs − Vf (4)

where Vs is the volume of supporting ribs inside the origami
actuator and Vf is the volume of liquid infilling.

To calculate the pressure, assume adiabatic ideal gas

PV = nRT (5)

where n is the number of moles, R is the ideal gas constant, and
T is the absolute temperature.

To model the elastics of loads, we assume that the load volume
could be approximated by V t

l = V 0
l +

P t
l −P0

P0
Cd for both loads,

whereV 0
l is the volume at atmosphere pressure andCd describes

the material elastic.
LetPcL andPcR be the left and right chamber pressures. Each

pumping action results in a transition in the pump state

v1 = 0 → 1 : P t+1
cL = P0 (6)

v2 = 0 → 1 : P t+1
cR = P0 (7)

v3 = 0 → 1 : P t+1
cL = P t+1

cR =
V t
cLP

t
cL + V t

cRP
t
cR

V t
cL + V t

cR

(8)

v4 = 0 → 1 : P t+1
cL = P t+1

lL (9)

v5 = 0 → 1 : P t+1
cR = P t+1

lR (10)

p = pt → pt+1 : P t+1
cL =

V t
cL

V t+1
cL

P t
cL, P

t+1
cR =

V t
cR

V t+1
cR

P t
cR

(11)
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where P t+1
lL and P t+1

lR can be determined by

PcVc + Pl

(
V 0
l +

P t
l − P0

P0
Cd

)
= P t+1

l Vc

+ P t+1
l

(
V 0
l +

P t+1
l − P0

P0
Cd

)
. (12)

Here, we assume that the changes in VcL or VcR is neglectable
compared with the changes in VlL and VlR during (t, t+ 1). In
our implementation, hy = 4 mm, a = 34 mm, c = 6.8 mm,
and m = 6.

Fig. 2 shows some examples of pumping cycles of the soft
pump for generating positive and negative pressure. Repeating
the cycles, the soft pump can generate higher positive or lower
negative pressure. To calculate the extreme pressure that the soft
pump can attain after pumping, assuming adiabatic ideal gas

PV = nRT (13)

where n is the number of moles, R is the ideal gas constant, and
T is the absolute temperature. In the first type of state transition

P2 =
V1

Vmax
P1 (14)

P4 =
Vmin

Vmax
P3. (15)

In the second type of state transition

P3 =
VminP0 + VmaxP2

V
(16)

P5 =
VminP0 + VmaxP4

V
(17)

whereV = Vmin + Vmax. A general formula of negative pressure
can be deducted as

P2n+1 =
n∑

i=1

V i
min

V i
P0 +

V1V
n−1

min

V n
P1 (18)

P2n =
n∑

i=1

V i+1
min

VmaxV i
P0 +

V1V
n

min

VmaxV n
P1. (19)

The lower bounds of negative pressure are derived by finding
the limits

lim
n→∞ P2n+1 =

Vmin

Vmax
P1 (20)

lim
n→∞ P2n =

V 2
min

V 2
max

P1. (21)

The movement trajectory of generating positive pressure is
similar to generating negative pressure. Therefore, we can obtain
the general formula of positive pressure as

P2n+1 =

n∑
i=1

V i
max

V i
P0 +

V1V
n−1

max

V n
P1 (22)

P2n =
n∑

i=1

V i+1
max

VminV i
P0 +

V1V
n

max

VminV n
P1. (23)

Fig. 5. Reinforcement-learning framework. At the start of each
episode, the agent attempts to acquire the load context by interactive
perception, and a random domain is created. The obtained load context
is formulated as parts of the observation, which facilitates generalization
to various unknown and unseen pneumatic loads. The pressure goals
of the current and two future timesteps are provided to the agent. The
agent then makes decisions on the action based on the observation. The
chosen action will be executed and the pressure of the pump and/or the
loads will be changed.

The theoretical upper bounds of positive pressure are derived
by finding the limits

lim
n→∞ P2n+1 =

Vmax

Vmin
P1 (24)

lim
n→∞ P2n =

V 2
max

V 2
min

P1. (25)

IV. PRESSURE CONTROL

A. Problem Formulation

The problem is formulated as a Markov decision process
[26] characterized by observations, actions, and rewards. At
every step, the agent (i.e., the antagonistic pump) perceives
an observation ot and then decides on an action at to execute
according to a policy π(ot). A reward signal rt will be received
upon at execution. The goal of the agent is to maximize its
cumulative reward (return), given by R =

∑∞
t=0 γ

trt , where
γ is a discount factor. The overall learning framework is shown
in Fig. 5.

1) Observations: Step observations at discrete timesteps are
defined as the valve states, moveable part position, length of
chambers, the pressure of both chambers, pressure of both loads,
target pressure of both loads of current timestep and two future
timesteps, and the estimated volume of both loads. Hence, the
observations can be written as follows:

ot =[
v1, v2, v3, v4, v5, p, LL, LR, PcL, PcR, PlL, PlR,

P̄lL,t, P̄lR,t, P̄lL,t+1, P̄lR,t+1, P̄lL,t+2, P̄lR,t+2, cL, cR

]
.

(26)

To aid convergence, the observation space is normalized in
the range of [−1, 1].
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2) Actions: The moveable part position and the states of the
five valves can be controlled. The part can move in the continu-
ous workspace [pd, pu] depending on the fabrication parameters.
Each valve can be opened and closed discretely. Therefore, all
actions can be represented as follows:

at = (p, vj) | p ∈ [pd, pu] (27)

vj ∈ {0, 1} , j = 0, 1, 2, 3, 4, 5. (28)

In each step of an episode, the pump first moves the part to p
and then opens and closes the valve vj . In our implementation, all
actions are continuous. To ensure that only one valve is opened
at a time, we open the valve corresponding to the highest value
within the action vector. If v0 has the highest value, then no
valves are opened

j = argmax (v1, v2, . . . , v5, v0) . (29)

3) Rewards: Our goal is to control the pump to actuate
two loads independently such that the load pressures can track
two separate target pressures. Depending on applications, these
target pressures may be commands issued by higher level con-
trollers for specific tasks. As previously mentioned, sequences
of randomly generated target pressures are used during training.
The controller aims to choose an optimal action trajectory to
minimize loss between target and actuated load pressure in
few steps as possible. Therefore, we structure the step reward
function as

rt = − (∣∣P̄L − PlL

∣∣+ ∣∣P̄R − PlR

∣∣) (30)

where P̄ is the target pressure, and PlL and PlR denote the
measured pressures in the left load and right load, respectively.
This reward penalizes every step the agent takes weighted by
pressure errors, forcing it to choose a possibly short and accurate
sequence of actions to reach the target pressure.

For the controller to purposefully change the load pressure, a
sequence of several actions must be performed. However, the
current state only affects the potential of reward for several
future states. Hence, we train our reinforcement-learning agent
to maximize cumulative reward within a finite horizon with a
discounting factor of γ = 0.92.

B. Domain Randomization

To increase the robustness of the controller when facing real-
world dynamics, we inject random elements within the simulated
environment [27], [28]. We first randomize load elastic by a
uniform distribution

Cd ∼ U (0,Kd) . (31)

The scale of deformation is determined by a hyperparameter
Kd. This could mimic the effect of actuating various soft actu-
ators with different stiffness. Besides, random noise is injected
within all observations in proportion to the expected range
of observations; the SNR ratio of which is determined by a
hyperparameter Kn

ot = (1 + Cn) ot, where Cn ∼ U (0,Kn) . (32)

A sequence of target pressure for both left and right loads
is generated using random combinations of sine, square, and
sawtooth waves. Each constituent wave has an amplitude
Ak ∼ U(0.3P0, 3.0P0), period T ∼ U(1π, 5π), and phase ∅ ∼
U(0, 2π). Square and sawtooth waves have a duty cycle of
50%. The resulting target sequence is an average of randomly
generated waves.

C. Interactive Load Context Perception

Important parameters of soft actuators, such as initial actuator
volume V̂l and material elastic termCd, are unknown and cannot
be directly measured. However, these features are crucial infor-
mation for the controller because they affect how air pressure
changes when pumping. In this article, we propose to allow
the pump to perceive a particular load context by observing
the outcomes of specific pumping actions without using extra
instruments. The load context can be expressed as a vector

c = [V̂ 0
l , Ĉd]

T
. (33)

Specifically, we design an interactive load perception method
that automatically conducts perception routines at the start of
each episode. We perform a sequence of actions to achieve
specific chamber pressures, then equalize load and chamber
pressures by opening the corresponding valves between the load
and the chamber. Hence, each data point consists of chamber and
load pressures before equalization P t1

c and P t1
l , and the pressure

after equalization P t2 . From (12), we obtain a linear equation

P t1
l − P t2

P t2 − P t1
c

V̂ 0
l − P t1

l + P t2 − P0

P0Vc
Ĉd = 1. (34)

We, therefore, can collect n datapoints and solve c using the
least square.

This method, combined with domain randomization, enables
the agent to be trained entirely in simulation and adapt to the
real world quickly without any sim-2-real fine-tuning.

V. EXPERIMENTS

A. Characterization of Pumping Performance

In this experiment, we examined the real-time pressure and
flow rate of the pump. Two pressure sensors (SMC Yadke
DP101) were used to measure the air pressure in both chambers
and a flowmeter (SMC PFM7) was used to measure instant flow
rates. The system setup is shown in Fig. 6.

To validate the pumping performance of the pump, we de-
signed a test trajectory that repeated two example pumping
cycles (see Fig. 2) for three iterations. The resulting chamber
pressures are shown in Fig. 7. It can be observed that when the
moveable part moved to one side, the pressure of the correspond-
ing chamber increased, and the other one decreased as expected.
Moreover, with a predefined pumping sequence, the next cycle
could attain higher positive or lower negative pressure depending
on which pumping sequence is executed. When attempting to
attain positive pressure in the left chamber, 103 kPa can be
attained after the third iteration. When executing the negative
pressure cycle, −44 kPa can be achieved after the third cycle.
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Fig. 6. Experimental system includes an antagonistic pump, pneu-
matic loads, flow sensors, and pressure sensors. A set of soft pneu-
matic actuators with different sizes and thicknesses that are used in
experiments is shown.

Fig. 7. Characterization of chamber pressure in three pumping itera-
tions without liquid infilling. Lines of different colors represent the first,
second, and third iterations. Solid and dot dash lines represent the left
and right chamber pressure, respectively. The pumping actions follow
the predefined cycles, as shown in Fig. 2. (a) Pressure versus chamber
length changing amount at positive pressure range. (b) Pressure versus
chamber length changing amount at negative pressure range.

Fig. 8. Extreme pressure versus infilling liquid volume. The pump
chambers were infilled with water of 0, 5, 10, and 15 mL. Then, the
pump executed the predefined pumping cycles three times.

Second, we tested the extreme pressure the pump system
can achieve under different volumes of liquid filling. Precisely,
the chamber was filled with 0-mL, 5-mL, 10-mL, and 15-mL
water, respectively. Then, three cycles of positive and negative
pumping were executed. At the same time, extreme pressures
were collected. From the results in Fig. 8, it can be observed
that increasing the infilling volume often led to larger extreme

pressure. This conclusion can help customize the output pressure
range for the universal actuation of various soft robots.

Third, we tested the flow rate performance of the pump. The
experimental result is shown in Table I, where a positive value
indicates that the airflow direction is from the chamber to the
atmosphere and vice-versa.

Although two pumping sequences used in this experiment
can, to some extent, control the chamber pressure, we did not
use these fixed pumping sequences to actuate soft actuators.
Instead, the reinforcement-learning-based controller was used
for much better closed-loop control accuracy and much more
robust performance when actuating different unseen loads.

B. Pressure Control Performance

Due to the bioinspired nature of the pump, traditional con-
trollers have difficulties controlling the pumping pressure. The
designed reinforcement-learning-based controller has two fur-
ther advantages. First, it can learn and find the optimal action
trajectory to the target pressure using as few steps as possible,
without predefined action templates. Second, it can adapt to
different pneumatic loads using interactive context perception.
This allows the pump to actuate various soft robotic actuators
robustly without policy fine-tuning on the specific loads.

To train the policy network, we first built an OpenAI Gym [29]
simulator using the analytical model (“Methods” section) with
parameters tuned against the real pump. The actor network of
SAC [30] has a size (No, 64, 64)with ReLU and tanh activation.
The critic network has a size (No +Na, 64, 64) with ReLU
activation, where No and Na are the dimension of observation
and action space, respectively. The learning rate for the Adam
optimizer [31] was 0.0003 for both networks during training.
The algorithm was implemented using Stable-Baselines3 [32]
and PyTorch [33]. Training is performed solely in simulation,
and testing is both in simulation and the real world. Although
the agent has not been trained in the real world, it can adapt to
the real world robustly without any fine-tuning, thanks to the
interactive load context perception (“Methods” section).

We tested the trained agent to simultaneously control two
pneumatic actuators with unknown volume and elasticity, which
simulated a hard case in soft robot control. The goal is to control
the pressure of loads (PlL, PlR) to track random reference
signals (P̄lL, P̄lR) = {(p̄1

lL, p̄
1
lR), (p̄

2
lL, p̄

2
lR), . . . , (p̄

N
lL, p̄

N
lR)},

where N = 100. Averaged summations of sine, square, and
sawtooth waves with random amplitude were used to generate
random P̄lL and P̄lR.

To evaluate the robustness of pressure control, we used the
cumulative reward mean, which was the average loss of pressure
error. The agent was trained with unknown small loads, whose
volumes were smaller than twice the initial chamber volume.
And the agent was tested with a broader range of unknown
loads, whose volumes were smaller than eight initial chamber
volumes. All loads had random stiffness. Some examples of
tracking procedures are shown in Fig. 9. The generalization
performance is summarized in Fig. 10(a).

To validate the proposed pressure control method, we per-
formed ablation studies. Agents were trained in five different
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TABLE I
PEAK FLOWRATE CHARACTERISTICS (L/MIN)

Fig. 9. Performance of the pressure controller on real soft robot ac-
tuators. The agent was trained solely in simulation with loads whose
volume was within twice the initial chamber volume. Then, the agent
was directly tested with unseen loads in real world (see Fig. 6) of sizes
1–4 (a)–(d), whose volume ranges from 0.1 to 1.7 times of the initial
chamber volume. Solid lines are the goal pressure of left and right loads,
and dashed lines represent the measured pressure.

Fig. 10. Generalization and ablation study. (a) Reinforcement-
learning-based pressure control generalization on seen and unseen
loads in simulation. The agent was trained over small loads and being
tested over small and large loads. (b) Ablation study showed that the
proposed learning method (“Three goals”) achieved the best cumulative
reward.

Fig. 11. Comparison with other controllers. Orange represents the RL-
based controller (ours), yellow represents the handcrafted PID controller
(HC+PID), and cyan represents the PID controller (PID). Gray lines are
randomly referenced. (a) Controlling the pressure of nondeformable soft
actuators. (b) Controlling the pressure of small soft actuators. (c) Con-
trolling the pressure of large actuators. (d) Mean and standard deviation
of seven replicates.

training setups for 10M steps. These training setups are: only the
current goal is observable (one goal), the current goal and one
future goal are observable (two goals), and the current goal and
two future timestep goals are observable (three goals), without
performing load context perception (unknown load), using a
neural network with a larger size of 256 × 256 (larger actor). The
results are shown in Fig. 10(b). Our proposed method achieves
the best performance. It was also noticed that the proposed
load context perception could effectively mitigate the impact
of unknown loads. However, a larger network did not result in
lower loss.

We compared the proposed pressure control method with
other traditional controllers. Regarding tracking pressures in
both left and right loads, there is no straightforward method of
designing a handcrafted controller for such a task. Therefore, the
reinforcement learning (RL)-based controller is the clear winner
in this case. For comparison with other types of controllers, we
handicap the difficulty of the challenge by only tracking the
pressures of a single load.

First, a PID controller is tuned to control the movement of
the piston to track pressure goals within a single cycle of the
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Fig. 12. Application demonstrations. (a) Balloon inflation by double-chamber pumping compared with single-chamber pumping. The former has
higher efficiency. (b1) and (b2) Simultaneously and independently controlling the pressure of two soft robotic grippers. (c1) and (c2) Instant switch
from −35 to +38 kPa. (d) Precise pressure fine-tuning using the moveable part. (e1)–(e3) Crawling robot locomotion demonstration. The head,
foot, and body of the crawling robot were controlled by the pump in a certain way such that it was moving upward inside a tube. (f1)–(f4) Turtle robot
locomotion demonstration. Four legs of the turtle robot were actuated by the pump in a certain order.

pump for a load size equivalent to 0.8 of chamber volume.
Rule-based heuristics are then hard coded into another hand-
crafted controller to the best of our efforts to operate the pump
for multiple cycles to achieve large positive/negative pressures
while using the PID controller to track small changes within a
single cycle. Finally, the proposed RL-based controller is tested
without further fine-tuning.

The 63 pressure tracking experiments are conducted with
combinations of the three controllers (RL, handcrafted PID,
and PID) and three types of loads (nondeformable, small-
deformable, and large-deformable actuators) and seven repli-
cates. The results are shown in Fig. 11.

RL performs similarly for all three cases. This is expected
since RL was trained on all these cases via domain randomiza-

tion and interactive load context perception. The handcrafted
controller performs well in the task tuned on (nondeformable
load) but performs poorly in other unseen cases. When it comes
to pumping large positive/negative pressures, handcrafted rou-
tines can be hard coded (instead of being learned as a long-
horizon sequence in RL). However, despite our best efforts,
the handcrafted routine is still imperfect for such a difficult
task. The simple PID control is also not designed for nonlinear
systems, such as air pressure. For the PID controller, since
PID controllers only work on continuous tracking and cannot
determine when to execute discrete actions, such as opening
valves, they cannot achieve pressures that are beyond a single
cycle, thus ensuring that they would fail to achieve large positive
or negative pressures.
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C. Application Demonstrations

In total, six demonstrations were presented: pneumatic
actuation of soft actuators, continuous pressure tuning, instant
pressure switch, balloon inflation, turtle robot locomotion, and
crawling robot locomotion.

First, we combined two-chamber outputs together into one
outlet and then connected a balloon to the combined outlet. In
this way, the proposed system sacrificed the ability to actuate
multiple loads but can perform rapid inflation, as shown in
Fig. 12(a). We compared two cases: using a single chamber
and using double chambers. When using a single chamber to
pump, the pump blew gas when the stroke was in one direction
and refilled the chamber in the other direction, which was not
efficient. While using double chambers, the pump can expel gas
during both strokes; therefore, in this case, the pump completed
the task using less strokes.

Second, the pump kept the former connection and performed
an instant pressure switch, as shown in Fig. 12(c1) and (c2).
In this demonstration, the pump first controlled the pressure of
one chamber to a pressure level (positive in this demonstration)
and the other chamber to another pressure level (negative in this
demonstration). Then, the pump opened the valve between the
chamber with positive pressure and the soft gripper. Instantly,
the soft gripper fingers opened because of the positive pres-
sure. To quickly switch pressure to zero and even negative, the
pump system opened the valve connecting the atmosphere and
the chamber with positive pressure, driving the soft gripper to
the neutral pose. Instantly, the pump system closed previously
opened valves and opened the valve that connected the chamber
with negative pressure and the soft gripper, driving the gripper to
the closing state with negative pressure. It should be noted that
the pump can instantly switch between any two pressure states
within the working range. This demonstrated that the proposed
pump system could fast switch between positive and negative
pressure outputs, which was helpful for actuating soft robots
that have discrete states.

Third, we connected one linear soft actuator to the chamber
output and used the pump system to fine-tune the end position
of the soft actuator, as shown in Fig. 12(d). It was achieved by
freezing valve actions and only allowing chamber movements.
This function makes it possible to precisely adjust, for example,
the fingertip position of a soft robotic hand for some manipula-
tion tasks.

Fourth, we connected one soft gripper to the left chamber
output and one soft finger of a different type to the right chamber
output, by which the pump can simultaneously actuate two
soft robot actuators. We then commanded the pump system to
increase the pressure of one load and decrease the pressure of the
other, as shown in Fig. 12(b1) and (b2). This demonstrated that
the proposed pump system could actuate one or two different soft
robot actuators or soft robots with one to two degrees of freedom.
By combining more pumps, soft robots with more degrees of
freedom can be actuated.

Finally, we used the pump to control two different soft lo-
comotion robots to demonstrate its versatile pumping ability.
Fig. 12(e1)–(e4) presents a soft climbing robot actuated by the

pump to climb a tube. Fig. 12(f1)–(f4) presented a turtle robot
walking demonstration. Each time, the pump actuated two legs
of the turtle robot with positive pressure. The leg will bend under
positive pressure and relax under atmospheric pressure.

VI. CONCLUSION

This study presents an innovative bioinspired antagonistic
pump that emulates the anatomical structure of fish hearts,
thereby enabling programmable pneumatic actuation and adap-
tive control of diverse pneumatic soft robots. The research
encompasses the design, modeling, and fabrication of a pro-
totype pump capable of regulating pressure within the range
of −44 to +103 kPa (−52 to +159 kPa with maximum liquid
infilling) and achieving a peak flow rate of 1.2 L/min, which
is suitable for driving pneumatic soft robots [34], [35], [36].
The designed pump has multiple pumping modes, including
unknown load perception, rapid inflation, double-load control,
adaptive pumping across positive and negative pressure ranges,
precise fine-tuning, and instant pressure switches.

Leveraging the unique attributes of the pump, a
reinforcement-learning-based pressure control algorithm is
developed for precise pneumatic output pressure regulation.
Moreover, an interactive load context perception method is
devised to intelligently adapt pumping strategies without
knowing the soft robot properties as a prior, facilitating the
universal actuation of soft robots. Notably, the learning-based
controller can be trained in simulation and directly applied in
real-world scenarios without necessitating fine-tuning.

To further enhance the understanding of the pump’s structural
characteristics, future endeavors will encompass a finite-element
method-based structural analysis. Furthermore, the research
aims to employ advanced material as pump actuators and soft
valves, which will aim to shrink the volume of the pump system
and apply to untethered actuation applications. In addition, the
study intends to explore flow rate controllers alongside pressure
controllers, thereby broadening the applicability [37], [38], [39],
[40], [41], [42], [43] of the proposed technology in various
scenarios.
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