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Moritz Bächer · Espen Knoop · Christian Schumacher

Accepted: 18 March 2021 / Published online: 10 May 2021

Abstract Purpose of Review We discuss the use of differentiable simulation for computational problems in soft robotics.
This includes characterizing the mechanical behavior of soft
robots, optimally controlling embedded soft actuators or active materials, and estimating the robot’s state from readings
of embedded sensors. Moreover, we discuss how design optimization can help to optimally place soft actuators and sensors.
Recent Findings We expatiate on the adoption of simulation
and optimization tools in the process of designing and controlling soft robots. We include a discussion of rigid-flexible
systems and the use of differentiable simulation in combination with machine learning.
Summary We review the state of the art in the computational modeling of soft robots and provide a summary of the
required mathematical tools. We also review several open
questions where computation could help to move the field
forward, and discuss the role of differentiable simulation
in managing the ever-growing design complexity of nextgeneration soft robots.
Keywords Differentiable Simulation; Computational Design
and Control; State Estimation; Sensor and Actuator Design

1 Introduction
Soft robots hold the promise of enabling the manipulation of
fragile objects of vastly different shapes [1], the inherently
safe interaction with humans in complex co-working environments, and the execution of intricate tasks in difficult-toDisney Research
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access areas or unstructured terrain [2]. We attribute these
desirable properties to the capability of a single soft-bodied
system to adopt to many drastically different environments.
To date, the field has primarily been driven by experimental research and prototype-based development. However, as the field matures, it will become increasingly important to leverage simulation and optimization tools in the
design and control of soft-bodied robots.
In contrast to a recent review on design optimization of
soft robots [3], we restrict our expedition to techniques that
rely on differentiable simulation (refer to Fig. 1), and review computational challenges when designing soft systems
made of active and passive materials, equipped with various
types of soft actuators and sensors [4, 5].
Differentiable simulation provides a principled mathematical framework to (1) solve complex characterization
problems to detect and close application-specific sim-to-real
gaps, (2) optimally control embedded soft actuators for grasping or locomotion tasks (actuation problem), and (3) estimate the mechanical state of the soft system from a set of
embedded sensors. While the former improves the prediction accuracy of simulations, the latter two enable optimal
open- and closed-loop control of manually designed soft
robots.
Moreover, building on top of this, we can also use optimization to design robots with optimally placed sensors
and actuators. For example, with appropriate objective functions, we can solve for a desired grasping, locomotion, or
deformation behavior under the constraint that we solve the
actuation and state estimation problems to first-order optimality.
In several subfields, the soft robotics community has adopted
simulation as a design tool. However, to scale soft robotic
technologies along complexity axes spanned by shape, material, sensing, and actuation parameters, and ultimately build
robots that perfect the imitation of biological systems or ex-
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2 Mathematical Tools for Optimal Design and Control
The first step towards a digitization of the design of general, autonomous soft robots is the use of simulation. Because soft robots undergo large deformations under actuation and contact forces, hyperelastic models with nonlinearities in both the strain and stress measures are often necessary. While hyperelastic materials are well understood [9],
soft sensor models, which map deformations to simulated
readings, and actuator models, which map actuation parameters to deformations, are an active area of research.

CHARACTERIZATION

Fig. 1 In this survey we are concerned with the general setting of a
soft-bodied robot (left), and a differentiable simulation representation
of the same robot (right). We discuss problems of characterization,
where we identify model parameters that minimize the discrepancy between the simulated and real robot (sim-to-real gap), actuation, where
we optimally control a set of embedded actuators in order to achieve
some desired deformation behavior, and also state estimation, where
we are concerned with estimating the state of the robot given a set of
sensory measurements. In design optimizations, we can then ask for
optimal actuator and sensor placement for a specific task.

cel in a wide variety of highly complex tasks [6–8], simulation is an important building block but insufficient if used in
isolation. To make soft system design scalable, several abstraction layers above a simulation are required, in particular due to the intimate and complex coupling between forces
and continuous deformation. We believe that differentiable
simulation will play a key role in achieving this ambitious
vision, as the differentiability property enables the formulation of gradient-based optimizations, and therefore the introduction of clean abstraction layers. Moreover, in combination with learning, differentiable simulation enables the
end-to-end training of loss functions which depend on the
simulation state of soft robots.
In this survey, we will first review differentiable quasistatic and dynamic simulation and their use in optimization,
providing the reader with specific examples. In a second
part, we will review where we stand as a community in the
adoption of computational tools summarized in Fig. 1 right.
Important subproblems such as soft contact and flexiblerigid systems are discussed as well.
The use of differentiable simulation in soft robotics is
somewhat scarce, as the topic is still relatively new. It is
our hope that a high-level summary of mathematical tools
required for approaching complex control and design tasks
will help in this regard.

Characterization Problem In the process of developing accurate simulation models, it is key to be able to quantify
if a simulator provides us with the desired prediction accuracy, and to detect where it fails to model the underlying physical behavior. To this end, a natural approach is
to compare the simulated behavior to captured data, under
matching actuation and external forces (see Fig. 2 top). This
characterization can either be performed on material specimens [10] and individual sensors and actuators [11], or on
the full robot [12].
The important question is then how to find optimal values for the set of material parameters pmat that best explain
the captured behavior (e.g., by comparing the simulated to
the observed behavior at a few marker locations on the surface of the robot). If the prediction accuracy is insufficient
for the task at hand, the optimal characterization can help
us with the identification of inaccuracies in the simulation
model (sim-to-real gap).
Actuation Problem A wide range of methods for actuating
soft robots have been explored, including active materials,
artificial muscle actuators, tendons, and pneumatic actuation [5], and new methods are actively being explored by
the soft robotics community. While some simulation models
exist, modeling is at an embryonic stage for recently developed actuators. Moreover, the coupled behavior of actuators
when embedded in passive materials often requires modeling refinements.
Assuming a sufficiently accurate simulation of the coupled behavior, an important question is how to solve for optimal actuation parameters pact to achieve a desired deformation behavior (e.g., to optimally grasp a class of objects).
The objective for this optimal control problem (Fig. 2 middle) is therefore the difference between the simulation state
of the robot and a single or a set of target states, taking contact forces and gravity into account [11].
State Estimation Problem Many biological systems are capable of sensing their proprioceptive state [13]. This is made
possible with receptors that detect and measure deformations of muscle fibers. While the hardware and manufac-
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Design Problem A soft robot made of passive materials,
and actuated through external interactions, has a rest shape
with an assigned material at every point, displaying a locally or globally homogenous or inhomogenous; isotropic
or anisotropic behavior. Both the rest shape and the material
assignment influence the deformation behavior of the robot.
Representing these shape and material parameters with a parameter vector pdes , we seek to solve for their optimal values
to, for example, maximize the contact surface or forces between the soft robot and objects of varying shape [15].
A more challenging task is to optimize the placement
of sensors and actuators, to minimize the target matching
or state estimation error over a user-specified deformation
space, represented, for example, with a discrete set of sample poses [11, 14]. Before discussing how we can approach
this latter class of problems, where a simulation, a sensing or
actuation, and a design problem are nested, we will review
mathematical tools to solve optimization problems where
the objectives depend on the quasi-static or dynamic state
of the robot. Because the same mathematical tools apply to
all of the above problems, we will work with a general parameter vector p.
2.1 Differentiable Simulation
Quasi-Static Problems For slowly-moving robots, a quasistatic modeling, where inertial forces are ignored, is often
sufficient. A general soft robot may consist of one-dimensional
entities such as artificial muscle fibers or stretch sensors,
two-dimensional entities such as layers of active materials,
and three-dimensional entities such as passive materials surrounding other entities. To simulate a soft robot, we first dis-
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turing of entirely soft, autonomous robots is still in its infancy [8], control of soft systems requires a sufficiently accurate estimation of the state the robot is in, from readings
of a set of embedded sensors.
Simulations typically take external contact forces, body
forces such as gravity, and actuation parameters as input,
and output a deformed configuration of the robot under these
forces. In state estimation, external contact forces are assumed to be unknown, and one seeks to estimate these forces
such that the simulated sensor readings, that depend on the
resulting deformed configuration, explain the measured readings well [14]. Referring to these external forces as parameters psta , we therefore seek to find optimal values such that
the deformed configuration of the robot leads to as small differences between simulated and observed readings as possible (Fig. 2 bottom). Analogously to the detection of simto-real gaps when solving for optimal material parameters,
optimal state estimation is useful to decide if a set of sensors
is sufficient to estimate the state of the robot for a targeted
deformation space and interactions with the environment.
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Fig. 2 Nested view of Characterization, Actuation and State Estimation problems. The illustrations for the three problems have been taken
from [10], [11], and [14] — these papers exemplify the steps outlined
here and we refer to the original papers for in-depth discussions.

cretize these entities using, for example, the finite element
method (FEM). Representing the deformed state with a set
of discrete degrees of freedom x, we then solve the nonlinear
force equations [9]
f(p, x(p)) = 0

(1)

to equilibrium, at which the internal forces balance externally applied forces. Note that, whenever we vary the parameters p, the deformed configuration at which the forces
sum up to zero at every point within the soft body, changes.
x is therefore implicitly dependent on p.
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with respect to the deformed configuration, ∂x f, is the standard stiffness matrix, the derivative of the forces with respect
to parameters is usually not available in standard simulation
packages. For efficiency, the so-called adjoint method is often used in implementations.
Dynamics Problems For very soft materials or fast motions,
dynamic modeling is needed. For dynamic systems [9], the
force equilibrium is time dependent and includes additional
inertia and damping terms that depend on the accelerations
ẍ and velocities ẋ of the degrees of freedom x

compute sensitivities

DYNAMIC OPTIMIZATION
OPTIMIZER
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f(p, ẋ(p), ẋ(p), ẍ(p)) = 0.

(4)

Analogously to the quasi-static problem, we can ask a
soft robot’s state x at time t to be as close as possible to
a target state x̄, and integrate these differences to form an
objective g. The generic form of the dynamics problem is
therefore

compute sensitivities

min g(p, x(p), ẋ(p), ẍ(p)) s.t. f(p, x(p), ẋ(p), ẍ(p)) = 0. (5)
p

Fig. 3 To minimize objectives that depend on the simulation state of
the robot, we first solve for the equilibrium state and, if needed, for
the sensitivities of the state with respect to the parameters before we
evaluate the objective or its gradient.

For characterization, sensing, actuation, or rest shape optimzation, one typically has a target state x̄ given, and seeks
to find the optimal set of parameters such that the difference
between the simulated and target state, namely 12 kx(p)− x̄k2
or similar, is minimal. Using g as a placeholder for an arbitrary objective that depends on the deformed state of the
robot, we seek to solve the minimization problem
min g(p, x(p)) s.t. f(p, x(p)) = 0,
p

(2)

constraining the deformed configuration to be an equilibrium.
To solve this problem, one common approach is to apply
the implicit function theorem or so-called sensitivity analysis: in an infinitesimal neighborhood of p, the derivative
of the equilibrium equations “remains” zero, enabling us to
compute the analytical derivative of the deformed configuration with respect to the optimization parameters1
∂p f + ∂x f dp x = 0 =⇒ dp x = − (∂x f)−1 ∂p f.

(3)

As we summarize in Fig. 3 top, standard unconstrained
optimization can be used to solve this problem (e.g., a quasiNewton algorithm [16]). While the derivative of the forces
1 We use d b and ∂ b to denote the total and partial derivatives of a
a
a
vector-valued function b with respect to a parameter vector a. We rely
on the numerator layout in our derivations.

A strategy to solve this problem emerges when we apply
the implicit function theorem to the time-varying equilibrium equations [17]
∂p f + ∂x f dp x + ∂ẋ f dp ẋ + ∂ẍ f dp ẍ = 0.

(6)

We proceed analogously to the quasi-static case (Fig. 3
bottom): Whenever we evaluate the objective g or its gradient after updating the set of parameters, we first solve for the
state of the robot, represented by x and its time derivatives
ẋ and ẍ, by integrating the dynamics system (Eq. 4) forward
in time. For gradient evaluations, we solve, in addition, the
derivative of the motion equations (Eq. 6) for the unknown
sensitivities dp x, dp ẋ, and dp ẍ. Note that both systems of
equations are ordinary differential equations (ODEs), requiring initial values. Especially for problems with high parameter counts, the discrete or continuous adjoint method is commonly used [17, 18]. Otherwise, the problems quickly become intractable.

2.2 Nesting through First-Order Optimality Constraints
When solving sensor and actuator design problems, it is most
natural to measure the performance of a candidate design
by evaluating the state estimation and actuation problem for
samples taken from a deformation space. If the sensing or
target matching error is high, we rank the design lower than
if the error is small. Nesting through first-order optimality
constraints can help us to formalize and solve this class of
problems in a principled manner.
For the sake of concreteness, we use the state estimation
problem to develop the general formulation. Specifically, we
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consider the problem of routing a set of one-dimensional
stretch sensors, parameterized with a vector p, through a
soft body such that the differences between simulated and
measured sensor readings is minimized for a user-specified
target deformation (a variant of the problems addressed in
[11,14]).
In the sensing or state estimation problem, we solve for
the unknown interaction parameters q, measuring differences
between the simulated and observed sensor readings with
an objective g. In the design problem, we are then interested in how well the deformed configuration x, that results from solving the sensing problem to first-order optimality, matches the user-specified target. Measuring this target matching error with an objective h, we can solve this
problem by introducing a second abstraction layer or nesting

(e.g., actuators or sensors), this constitutes a challenge. Maloisel et al. [11] propose to use moving-least-squares (MLS)
shape functions to make the simulation differentiable with
respect to spline parameters that define the routing of artificial muscle actuators. Similar strategies could help to make
simulation representations of general soft robots differentiable.
A third source of discontinuities is frictional contact.
Contact is a discrete event. However, especially for soft bodied systems, contact forces gradually increase, and smooth
or soft contact models can help to mitigate or avoid these
type of discontinuity [22, 23], without introducing significant sim-to-real gaps.

min h(p, q(p), x(p, q(p))) s.t. dq g(p, q(p), x(p, q(p))) = 0

So far we have discussed the modeling of entirely soft robots.
However, for many industrial applications, soft robotic components will augment traditional systems, but will not fully
replace them. It is therefore important to be able to formulate design and control optimizations for robots consisting of
rigid and flexible components, coupled to one another with
constraints. Flexible multibody simulation is a well-studied
problem. However, its differentiability has received less attention. We point the interested reader to design and control
approaches (quasi-statics [24]; dynamics [12, 25]) for examples on how to expand the mathematical tools for soft bodied
models (Sec. 2.1) to handle systems with rigid bodies and
coupling constraints between flexible and rigid components,
or other constraint types.

p

and f(p, q(p), x(p, q(p))) = 0

(7)

where the constraint dq g = 0 ensures that the state estimation problem is solved to first-order optimality. This nested
view, here formulated for the quasi-static case, enables the
computation of an analytical gradient for the design problem by applying the implicit function theorem to the firstorder optimality constraint, proceeding analogously to the
equilibrium-constrained case, or first nesting layer, otherwise (compare with Fig. 3). For detailed derivations, we
point the interested reader to [14].

2.4 Rigid-Flexible Systems

2.3 Differentiability of Simulation Representations
2.5 Differentiable Simulation and Learning
To be able to solve design and control problems with numerical optimization, the simulation representation needs to
be differentiable with respect to the optimization parameters. This is in general a non-trivial task. For example, for
rest shape optimization, the topology of the simulation mesh
is changing over time (remeshing), constituting a discontinuous operation. Meshfree methods [19] can remedy this
problem. Alternatively, the soft robot can be embedded in
a simulation grid which remains constant throughout optimizations [20], enabling soft robot design optimizations directly on CAD representations. Strategies to decouple the
simulation accuracy from the quality of the simulation mesh
provide another alternative [21].
Embedded actuators or sensors can lead to another source
of discontinuities. Due to the discontinuity of the deformation gradient at element boundaries for various standard finite elements (e.g., ones that reply on Lagrange shape functions), the strain field is not differentiable everywhere within
the volume enclosed by the soft robot. Especially for the
placement optimization of one- or two-dimensional entities

We can think of a simulator as a highly complex function,
taking forces at a discrete set of locations as input, returning
a deformed configuration as output. There are two incentives
to replace this function at least partially with a neural network: (1) to augment the simulation model where the simto-real gap is high and more accurate models are unknown
(e.g., for frictional contact [26]), and (2) to reduce the time
complexity of simulations to either speed up simulation-driven
design and control [27, 28], or to enable the interactive exploration of soft robot designs [29]. There is also work on
completely replacing a simulator with a neural network [30],
learned from either real or simulated data. While providing an exciting avenue for future research, a complete replacement of the simulator comes at the cost of longer training and requiring more data. A disadvantage of neural simulation is also that simulators become difficult-to-interpret
blackboxes.
Another interesting use case of differentiable simulation
is in the training of loss functions that depend on the state of
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the robot (see, e.g., Geilinger et al. [22]). Due to the differentiability property, we can consider the simulation as a node
without weights, and directly use it in backpropagation.
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ometry of the test specimen, their approach achieves a smaller
sim-to-real gap with fewer tests, compared to conventional
approaches. Tackling the dynamic problem, recent work by
Hahn et al. [12] fits viscoelastic model parameters to dynamic test data of soft robots.

2.6 Alternative Optimization Techniques
For rest shape or material distribution optimization, topology optimization has seen widespread use [31–36]. We can
interpret traditional topology optimization as an application
of differentiable simulation. However, because a linear elastic behavior is often assumed, it is, in its simplest form,
not an ideal tool for soft robotics applications. To formulate
shape optimizations, combinations of eXtended Finite Elements (XFE), level-set approaches that enable the continuous movement of material-material or material-void boundaries through elements, and analytical sensitivity analysis
has seen use [15, 20, 37, 38]. This is again a variant of differentiable simulation that enables the optimization of soft
robots consisting of composite materials [39]. Shape derivative techniques are also common [40].
Despite its utility, differentiable simulation has also disadvantages. It can take considerable time and effort to make
existing simulators differentiable, or to implement them from
scratch. Moreover, for very complex problems, the differentiability property may be near-impossible to achieve, and
one has to resort to derivative-free optimization. While evolutionary algorithms and their siblings require more iterations, they can help to navigate complex design spaces [41]
with many local minima and discontinuities [42, 43].

3 State of the Art
This section summarizes existing work that has been carried out within the domain of simulation-driven control and
design. We refer to Tab. 1 for a concise summary and categorization of the related works. The first column (problem)
categorizes work based on whether they address the characterization, actuation, or state estimation problem (see also
Fig. 2). Next, we list whether the problem setting is quasistatic or takes into account dynamics, and if contact is modeled. We also list the optimization variables considered: actuation (or control) variables, shape, material/meta-material
design, or actuation or sensor layout parameters. In addition, we list which type of actuation method is used. For a
number of papers, the deformation behavior is optimized by
assuming some external force is applied, without explicitly
modeling the actuators producing the force — for these papers we have categorized the actuation method as external.
Characterization In [10], an optimization-driven approach
for fitting hyperelastic material parameters to multiaxial testing data was presented. By accurately modeling the full ge-

Actuation and Control Differentiable simulation has seen
use in the design and control of tendon-driven soft robots
[44], and also in locomotion and manipulation tasks where
contact with the environment must be considered [45, 46].
Rod models have seen widespread use in soft body modeling. In [47], a system for the quasi-static design of flexible
rod meshes was proposed, co-optimizing shape and external
actuation forces. Differentiable quasi-statics has also seen
use in the design and control of flexible tendon-actuated
wire robots. A quasi-static-based optimization for the functionpreserving conversion of traditional into compliant mechanisms was described by Megaro et al. [48], with applications in soft robots. Studying the dynamic problem, [25]
addressed the vibration-minimizing retargeting of motions
onto lightweight robots, consisting of rod-like components
and traditional actuators.
The design and actuation of pneumatic chambers has
been a topic of study in several related works. Early work
by Skouras et al. [49] optimized the shape of balloons such
that a desired shape was obtained under inflation — there
are clear parallels to soft robotic applications. More recent
work has looked at the shape optimization of tendon-driven
soft robots [38, 41] and also the shape optimization of pneumatic actuators [32, 35, 36, 50].
To achieve a desired deformation behavior, the co-optimization
of the tendon routing together with the material distribution was tackled in [51]. Bern et al. [52] developed a system for automatically routing tendons through plush robots
in order to match target deformations. The related problem
of designing a cable network to actuate hierarchical assemblies of rigid components, jointed together with compliant
hinges, was addressed by Megaro et al. [53]. The design of
pneumatic chambers, created with multi-material 3d printing, has also been studied [54]. Recently, Maloisel et al. [11]
presented an automated system for routing McKibben artificial muscle actuators through a soft-bodied robot.
Tackling the dynamics case, Geilinger et al. [22] presented a differentiable dynamics simulator with contact, allowing for the solution of inverse dynamics problems for
bouncing soft bodies.
State Estimation State estimation for soft robots is an inherently challenging problem, due to the high (infinite) dimensionality of the state. By leveraging a FEM-driven model in
the state estimation, one can solve for the soft-body state that
best explains a set of observed measurements while minimizing overall energy. This has been recently demonstrated
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Table 1 Table categorizing discussed work, with regards to the type of problem solved, the optimization variables, and the class of sensors/actuators. See the main text for details. Entries have been ordered chronologically.
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x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

Optimization Variables
Actuator/
Sensor Design

•
•
•
•
•
•

Setting

Metamaterial/
Multi-Material

Skouras, 2012
Skouras, 2013
Liu, 2014
Panetta, 2015
Pérez, 2015
Schumacher, 2015
Lum, 2016
Megaro, 2017
Bern, 2017
Megaro, 2017
Bern, 2017
Zhang, 2017
Ma, 2017
Zehnder, 2017
Dämmer, 2018
Liu, 2018
Chen, 2018
Zhang, 2018
Xu, 2018
Goury, 2018
Coevoet, 2019
Morzadec, 2019
Hu, 2019
Bern, 2019
Hoshyari, 2019
Chen, 2019
Hafner, 2019
Hahn, 2019
Chen, 2019
Spielberg, 2019
Bern, 2020
Schumacher, 2020
Tapia, 2020
Tian, 2020
Navarro, 2020
Chen, 2020
Geilinger, 2020
Maloisel, 2021
Du, 2021

Characterization

First Author, Year

Differentiable
Simulation

Problem

x

x
x
x
x
x
x

x
x

x
x
x
x
x

x

x

x

x

x

by Navarro et al. [55], where a soft body state is reconstructed from a combination of capacitive and pressure sensors, explaining the measurements best.
Work by Tapia et al. [14] addressed this state estimation problem, but also the problem of designing an optimal
sensor network in order to best reconstruct a set of deformations. They considered soft liquid-metal strain sensors
routed through a soft body, and developed an optimization
pipeline that selects a subset of sensors from a large initial
set.

x
x
x

x

x
x

Sensing/Actuation Method

Ref.

Pneumatic
Tendons; external
External
External
External
External
Magnetic (external)
Tendons
Tendons
Servomotors, external
Tendons
Pneumatic
Pneumatic
External
Pneumatic
External
Tendons
Pneumatic
Tendons
Tendons; pneumatic
Tendons; pneumatic; jamming
Tendons
Servomotors; abstracted (sim)
Tendons
Servomotors
DEAs
External
Tendons; external
Pneumatic
Servomotors; abstracted (sim)
Tendons
External
Liquid-metal strain sensors
Magnetic (external)
Capacitive; pressure
DEAs
Servomotors; ballistic
Pneumatic (McKibben)
Abstracted (sim)

[49]
[51]
[15]
[40]
[47]
[33]
[57]
[53]
[52]
[48]
[44]
[36]
[54]
[39]
[50]
[34]
[38]
[35]
[24]
[74]
[46]
[41]
[29]
[45]
[25]
[37]
[20]
[12]
[32]
[28]
[30]
[10]
[14]
[56]
[55]
[31]
[22]
[11]
[27]

Novel Actuators Most of the problems discussed thus far
used established actuation methods such as tendons or pneumatic actuators. However, as new actuation technologies for
soft robots mature, new and interesting design problems emerge.
One example of such a problem that has been addressed is
ferromagnetic actuation, where the magnetization profile of
a robot can be optimized such that it deforms in a specified
way when a magnetic field is applied [56, 57]. Another example is the design of electrode patterns for Dielectric Elastomer Actuators (DEA), which are a class of entirely-soft
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electroactive polymer actuators, in order to achieve a desired
deformation behavior [31, 37].

4 Conclusions
This survey has reviewed recent work in the domain of differentiable simulation for design and control of soft robotics,
and described the basic ingredients of the required mathematical formulation in a versatile framework. We have shown
that differentiable simulation has been applied to a number
of different problems in soft robotics, including characterization, actuation, and state estimation, in quasi-static and
dynamic settings, and using a number of soft robot materials and actuation methods. With the rapid advancement of
the soft robotics field, and the inclusion of more advanced
optimization techniques and machine learning, it is our expectation that we will see significant new contributions as
the field continues to grow over the coming years.

Moritz Bächer et al.

challenges, such as differentiable multi-domain simulation
for swimming and flying robots, or how to appropriately
simulate robot interactions with unstructured and potentially
unknown environments.
Fully-automated design and fabrication pipelines for soft
robots have been demonstrated [8], but are still in their infancy. Such automated pipelines are perfectly suited for integration with automated simulation-driven design workflows,
for systems that autonomously design and create functional
robots given a requirement specification.
With regards to computational tools, execution speed remains an open challenge, in particular for high-complexity
problems such as design optimizations of dynamic systems.
Model reduction techniques [74] hold the promise of substantial speedup, and the combination of simulations with
deep learning methods [26, 29] would also appear to hold
vast untapped potential.
Acknowledgements

4.1 Open Problems
It is to be expected that novel approaches for creating soft
robots will first be demonstrated in robio, before the modeling efforts are undertaken to solve a corresponding design
problem. Here, we list some promising recent works that
highlight exciting opportunities for future research.
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pneumatic artificial muscles [11], but there are exciting opportunities for other fiber-based actuators such as shape memory alloys [6] or twisted-polymer muscles [62, 63].
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