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Abstract

Soft robots offer significant advantages in adaptability, safe interactions, and operation
in unstructured environments, yet their design faces unique challenges due to infinite
degrees of freedom, nonlinear material behavior, and coupled multi-physics interactions.
Bio-inspired optimization methods have emerged as a powerful tool to navigate these
complex design spaces. While individual optimization paradigms have been reviewed
separately, no single survey has systematically compared all major method families side
by side for soft robot design or provided cross-method selection guidelines. This review
fills that gap with a broad, method-centric survey. We classify and compare evolutionary
algorithms, swarm intelligence, topology optimization, and emerging machine-learning-
assisted approaches. A cross-method comparison framework with practical selection
guidelines is presented. Representative applications covering robot body design, actuator
geometry, multi-material distribution, and sensing–control co-optimization are analyzed
for each method category. Open-source simulation platforms and topology optimization
codes are also catalogued. Finally, we outline future directions including computational
scalability, optimization-to-fabrication integration, sim-to-real transfer, benchmarking and
standardization, multi-objective optimization, and autonomous design pipelines from
biological inspiration to fabricated prototypes.

Keywords: soft robotics; bio-inspired optimization; evolutionary algorithm; swarm
intelligence; topology optimization; machine learning; additive manufacturing; design
automation

1. Introduction
In nature, soft-bodied creatures such as octopuses, caterpillars, and jellyfish accom-

plish locomotion, manipulation, and environmental adaptation without relying on rigid
skeletons [1–4]. These observations have inspired the field of soft robotics, which replaces
the rigid links and joints of conventional robots with compliant structures made from
elastomers, hydrogels, and other flexible materials [5,6]. Soft robots offer improved safety
in human–robot interaction, superior conformability to irregular objects, and versatile
whole-body locomotion enabled by a high number of degrees of freedom [5,7–9].

However, the design of soft robots presents fundamental challenges. Soft robots exhibit
theoretically infinite degrees of freedom arising from continuous body deformation [10,11].
Their constituent materials are inherently nonlinear, viscoelastic, and often strain-rate-
dependent [12,13]. Furthermore, soft robotic systems frequently involve coupled multi-
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physics interactions, such as fluid–structure coupling in pneumatic actuators, thermo-
mechanical coupling in shape-memory alloy actuators, and electro-mechanical coupling in
dielectric elastomer actuators [14–17]. These characteristics make closed-form analytical de-
sign methods often insufficient for realistic designs, and even finite element methods (FEM)
become computationally expensive due to the geometric and material nonlinearities [18,19].

In recent decades, bio-inspired optimization methods have emerged as a powerful
approach to navigate these complex design spaces [20,21]. Here, a broad interpretation is
adopted for the term “bio-inspired optimization”, which encompasses all computational
methods whose fundamental principles can be traced to biological optimization processes.
This naturally includes evolutionary algorithms, which model Darwinian natural selec-
tion, and swarm intelligence, which replicates collective animal behavior. It also includes
topology optimization, which originates from biological structural adaptation. Its variants
such as growth-inspired shape optimization methods make this biological connection even
more explicit. Machine learning (ML)-assisted methods also have bio-inspired roots of opti-
mization, as artificial neural networks model biological neural systems, and reinforcement
learning imitates trial-and-reward process through which animals progressively refine their
behavior based on environmental feedback. Applying bio-inspired optimization to soft
robot design is a natural fit, as the biological organisms that inspire these robots have been
shaped by millions of years of evolutionary optimization [22]. In addition, these methods
can handle high-dimensional, multi-modal, and non-convex search spaces without requir-
ing gradient information, tolerate discontinuous objective functions, and naturally support
multi-objective trade-offs [23,24]. These properties match the characteristics of soft robot
design problems well, which involve vast design spaces spanning geometry, materials,
actuation, and control, as well as competing goals such as maximizing displacement while
minimizing actuation pressure.

This field has grown rapidly, driven by advances on multiple fronts: surrogate-
assisted strategies, reinforcement-learning-based co-design, and generative models on
the algorithmic side [25–29]; open-source simulation platforms such as SOFA, Voxelyze,
and FEniCS [30–32]; and multi-material additive manufacturing that enables the physical
realization of optimized designs with spatially varying stiffness [33,34]. Together, these de-
velopments are converging toward integrated design pipelines from biological inspiration
through computational optimization to fabricated prototypes.

Several review articles have examined aspects of this landscape, but each addresses
only a portion of the full picture, as illustrated in Table 1. Rus and Tolley [5] provided a
foundational overview of soft robot design, fabrication, and control, but did not focus on
optimization methods. Chen and Wang [35] offered an early review dedicated to design
optimization of soft robots, covering topology optimization, shape optimization, and evo-
lutionary approaches. However, that work did not cover more recent advances such as
machine-learning-assisted optimization, reinforcement-learning-based co-design, and gen-
erative models. Pinskier and Howard [36] examined the transition from bioinspiration to
computer-generated soft robot designs, covering evolutionary and generative approaches
but not systematically addressing the full spectrum of optimization methods. Ahmed
et al. [37] surveyed a decade of bio-inspired soft robots organized by actuation type, with
limited attention to the computational design process. Hammond et al. [38] reviewed
bioinspired soft robotics with emphasis on actuation, modeling, and control, but with
limited attention to optimization. More recently, Stroppa et al. [39] presented an intensive
survey of evolutionary and non-evolutionary computation methods for soft robot design
and tracking, but did not cover machine-learning-assisted design approaches. Hasanshahi
et al. [40] categorized soft robot design methods into bio-inspired, topology optimization,
and evolutionary computation, but treated these in isolation without cross-method compar-
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ison or practical selection guidelines. Wang et al. [41] provided a broad multidisciplinary
review of intelligent soft robotics, in which optimization is one aspect among many rather
than the organizing principle.

Table 1. Comparison of the present review with existing reviews on soft robot design and optimization.

Review Year EA/SI TO ML
RL

Co-Design
Generative

Models
Cross-Method
Comparison

Selection
Guidelines

Tools &
Benchmarks

Fabrication
Integration

Rus & Tolley [5] 2015 ◦ – – – – – – – ◦
Chen & Wang [35] 2020 ✓ ✓ – – – ◦ ◦ ◦ ◦
Pinskier & Howard [36] 2022 ✓ ✓ – ◦ ◦ – – ◦ –
Ahmed et al. [37] 2022 ◦ – – – – – – – ✓
Hammond et al. [38] 2023 ◦ – – – – – – – ◦
Stroppa et al. [39] 2024 ✓ ◦ – – – ◦ ◦ ◦ –
Hasanshahi et al. [40] 2024 ✓ ✓ – – – – – ◦ –
Wang et al. [41] 2025 ◦ – – – – – – – ◦
Present review 2026 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

✓: covered in depth; ◦: partially covered; –: not covered. EA: evolutionary algorithms; SI: swarm intelligence; TO:
topology optimization; ML: machine learning; RL: reinforcement learning.

The present review aims to fill these gaps by providing a unified, method-centric
survey of bio-inspired optimization techniques for soft robot design. Our contribution is
distinguished from existing reviews in the following aspects:

• Broad methodological coverage: We systematically classify and compare a broad
range of bio-inspired optimization methods for soft robot design, spanning evolution-
ary algorithms, swarm intelligence, topology optimization, and machine-learning-
assisted approaches.

• Cross-method comparison with practical guidelines: We present a comparative
analysis across method categories, evaluating them against a variety of criteria. We
provide decision guidelines to assist researchers and practitioners in selecting the most
appropriate optimization approach for their specific design problem.

• Simulation tools: We catalogue open-source simulation platforms in the community,
providing a practical resource for researchers entering the field.

The literature reviewed in this paper was identified through systematic searches of
Web of Science, Scopus, and Google Scholar (last search performed on 1 September 2026).
Keyword combinations such as “soft robot” AND “optimization”, “topology optimization”
AND “soft actuator”, “evolutionary algorithm” AND “soft robot design”, “reinforcement
learning” AND “soft robot morphology”, and “generative model” AND “robot design”
were used for search. Additional relevant studies were identified through backward and
forward citation tracking of key papers. Studies were included if they (i) presented or
applied a computational optimization method to the design of a soft robotic system (e.g.,
actuator geometry, mechanism topology, morphology, or multi-material distribution), and
(ii) reported design outcomes supported by simulation or experimental results. Publica-
tions focusing exclusively on soft robot control, sensing, or fabrication without a design
optimization component were excluded from the main review but are cited where relevant
for context. In total, 221 publications met the inclusion criteria and form the basis of
this review.

The remainder of this paper is organized as follows. Section 2 provides background
on soft robotics and the design challenges that motivate the use of optimization. Section 3
reviews bio-inspired optimization methods with a cross-method comparison. Section 4
surveys applications across major design domains and provides a taxonomy table. Section 5
discusses simulation tools. Section 6 identifies limitations, emerging trends, and future
directions. Section 7 concludes the entire paper.
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2. Background
2.1. Soft Robotics: Materials, Actuation, and Fabrication
2.1.1. Definition and Distinguishing Features

Soft robots are mechanical systems constructed primarily from materials with elastic
moduli on the order of those found in biological tissues (indicatively 104–109 Pa), in contrast
to the rigid metals and hard plastics (elastic moduli on the order of 109–1012 Pa) used in
conventional robotics [6,42]. This material compliance allows soft robots to undergo large,
continuous deformations rather than the discrete rotations of rigid-link mechanisms. As
a result, soft robots can conform to irregular surfaces, distribute contact forces over large
areas, and absorb impacts without damage. These properties can improve safety in human
interaction and better adapt soft robots to unstructured environments [5,8,17].

A key distinguishing feature of soft robots is the coupling between structure, actuation,
and sensing. In rigid robots, each joint is an independent actuated degree of freedom, and
the overall system behavior is the sum of its parts. In soft robots, the body itself is both the
structure and the mechanism, where deformation occurs throughout the entire body, and
the morphology of the robot directly shapes its functional capabilities [43–45]. This tight
coupling between form and function is a hallmark of biological organisms, which makes
soft robots powerful but also challenging to design.

2.1.2. Materials

The choice of material fundamentally determines the mechanical behavior, actua-
tion range, and durability of a soft robot. The most commonly used materials include
the following:

Silicone elastomers: Silicone-based materials, such as Ecoflex, Dragon Skin, and
polydimethylsiloxane (PDMS), are the most widely used materials in soft robotics due
to their high elongation at break, low Shore hardness, chemical inertness, and ease of
processing through casting or 3D printing [46–49]. Their hyperelastic behavior is typically
described by constitutive models such as the Mooney–Rivlin, Ogden, or Yeoh models [12].

Thermoplastic elastomers and flexible polymers: Thermoplastic polyurethane (TPU),
thermoplastic elastomers (TPEs), and flexible polyamides (PAs) have gained increasing
popularity in soft robotics, largely driven by their compatibility with different 3D printing
technologies [50–53]. TPU offers a good combination of high elongation, abrasion resis-
tance, and tunable Shore hardness, making it well suited for printing compliant actuators
and grippers. TPEs provide rubber-like elasticity with the processability of thermoplastics,
enabling rapid prototyping of soft robotic components. Flexible PA variants (e.g., PA 6,
PA 12) offer higher strength and chemical resistance than TPU while retaining sufficient
flexibility for semi-soft structures [53,54]. Compared to cast silicone elastomers, these
thermoplastic materials enable faster design-fabrication-test iterations through 3D print-
ing, which is particularly advantageous when optimization algorithms require physical
validation of many candidate designs.

Hydrogels: Hydrogels are water-swollen polymer networks that can exhibit stimuli-
responsive behavior, swelling or contracting in response to changes in temperature, pH,
ionic concentration, or electric fields [55,56]. Their biocompatibility makes them attractive
for biomedical soft robots, while their relatively low mechanical strength and slow response
times limit their applicability in high-force or high-speed tasks.

Shape memory polymers (SMPs): SMPs can be programmed into a temporary shape
and recover their original shape upon application of an appropriate stimulus, typically
heat [57,58]. Multi-material 3D printing has enabled the fabrication of SMP-based soft
robots with spatially programmed shape memory transitions, opening possibilities for
four-dimensional (4D) printing of soft robotic structures [59].
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Dielectric elastomers: Dielectric elastomer actuators (DEAs) consist of an elastomer
membrane sandwiched between compliant electrodes. When a voltage is applied, electro-
static pressure compresses the membrane, causing it to expand in area [16,60,61]. DEAs can
achieve high actuation strains, fast response times, and high energy densities, but require
high driving voltages (typically in the kilovolt range).

2.1.3. Actuation Principles

Soft robots employ a diverse range of actuation mechanisms, each with distinct advan-
tages and limitations:

Pneumatic and hydraulic actuation: Pneumatic networks (PneuNets) are among the
most widespread actuation strategies in soft robotics [14,62]. By selectively pressurizing
internal chambers embedded within an elastomeric body, complex bending, twisting, and
elongation motions can be generated. The geometry, number, and arrangement of these
chambers largely determine the robot’s deformation behavior, making them a natural target
for optimization. Hydraulic actuation follows similar principles but uses incompressible
fluids, providing higher force output at the cost of increased system complexity [63].

Cable-driven actuation: Inspired by biological musculoskeletal systems, cable-driven
soft robots use tendons routed through or along a compliant body to generate bending and
contraction [64–66]. The routing path and attachment points of the cables directly influence
the achievable motion, providing another rich design space for optimization.

Electroactive actuation: This category includes DEAs, ionic polymer–metal compos-
ites (IPMCs), and conducting polymer actuators, all of which convert electrical energy into
mechanical deformation [16,67,68]. These actuators offer the advantage of direct electrical
control but often face challenges in force output, efficiency, or operational lifetime.

Thermally driven actuation: SMPs actuate through temperature-induced phase
changes or glass transitions [57]. Combustion-driven actuators represent a more extreme
variant, using rapid gas expansion from controlled combustion to produce impulsive
motions such as jumping [69].

Magnetically driven actuation: By embedding magnetic particles within an elas-
tomeric matrix, soft robots can be actuated remotely through external magnetic fields [70].
The spatial distribution and orientation of the magnetic domains within the body govern
the achievable deformation modes, making domain optimization a key design problem.

2.1.4. Fabrication Methods

The fabrication method constrains what designs are physically realizable and therefore
directly influences the design optimization process:

Molding and casting: The most established fabrication method for silicone-based soft
robots involves pouring liquid elastomer into rigid molds, which are often produced by 3D
printing, followed by curing and demolding [49,71,72]. Multi-step molding with sacrificial
cores enables the creation of internal channels for pneumatic actuation. While reliable
and accessible, molding is limited in geometric complexity and cannot easily produce
multi-material structures or internal lattice architectures.

Additive manufacturing (3D printing): 3D printing has become a transformative
enabler for soft robotics, allowing direct fabrication of complex geometries, internal channel
networks, and multi-material structures that are impossible to achieve through conven-
tional molding [33,73–76]. Key technologies include fused deposition modeling (FDM)
with thermoplastic elastomers, direct ink writing (DIW) of silicone-based inks, stereolithog-
raphy (SLA) of photopolymerizable elastomers, and multi-material PolyJet printing. The
ability to deposit multiple materials with spatially varying stiffness in a single print is
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particularly important for optimization-driven design, as it enables the physical realization
of computationally optimized material distributions [34,77,78].

Lamination and layer-based fabrication: Techniques such as shape deposition manu-
facturing and lamination of pre-fabricated layers offer an intermediate approach, enabling
the integration of sensors, actuators, and structural elements within a layered soft robotic
body [79,80].

2.2. Design Challenges to Soft Robots
2.2.1. Infinite Degrees of Freedom

Rigid robots are described by a finite number of joint coordinates, and their kinematics
can be fully captured by established frameworks such as Denavit–Hartenberg parame-
terization. Soft robots, by contrast, are continuum structures whose configuration space
is, in principle, infinite-dimensional [10,11] (see Figure 1). Any point on the body can
undergo independent displacement, and the resulting deformation field is governed by
partial differential equations rather than ordinary differential equations. This means that
the design space is correspondingly vast, including not only the overall shape but also
the local geometry, wall thickness, and internal architecture at every point. Traditional
design-by-intuition approaches can explore only a small fraction of this space.

Rigid robot Soft robot

Infinite degrees of freedom

𝜀

𝜎
Elastic

Hyperelastic

Nonlinear material behavior

Fluid

Coupled multi-physics

Structure

Thermal, 
electrical

Design challenges unique to soft robots

Bio-inspired optimization

Figure 1. Design challenges to soft robots, which motivate the use of bio-inspired optimization methods.

2.2.2. Nonlinear Material Behavior

The materials used in soft robotics exhibit strongly nonlinear stress–strain re-
lationships, large deformations, viscoelasticity, and, in some cases, anisotropy and
rate dependence [12,13]. Constitutive modeling requires hyperelastic frameworks (e.g.,
Mooney–Rivlin, Ogden, Arruda–Boyce), and even these idealized models may not fully
capture the material’s behavior under complex loading conditions. This nonlinearity means
that the relationship between design parameters (e.g., chamber geometry) and performance
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metrics (e.g., tip displacement, grasping force) is highly nonlinear, often non-monotonic,
and difficult to predict without simulation.

2.2.3. Coupled Multi-Physics Interactions

Soft robotic systems typically involve the simultaneous interaction of multiple physical
domains [30,81]: (a) Fluid–structure interaction: In pneumatically actuated soft robots, the
pressurized air or fluid interacts with the deformable elastomeric structure, and the defor-
mation of the structure in turn changes the fluid domain. (b) Electro-mechanical coupling:
In DEAs, the electrostatic field depends on the deformed geometry of the membrane, which
in turn depends on the electrostatic pressure and creates a strongly coupled, nonlinear
problem. (c) Thermo-mechanical coupling: In SMP-actuated robots, the actuator force de-
pends on the temperature distribution, which is influenced by the mechanical deformation
and heat transfer conditions. These coupled interactions increase the computational cost of
simulation and make the design problem inherently multi-disciplinary.

2.3. Why Bio-Inspired Optimization?
2.3.1. Limitations of Traditional Optimization Approaches

Gradient-based optimization methods, such as steepest descent, conjugate gradient,
and sequential quadratic programming, are efficient when the objective function is smooth,
unimodal, and differentiable with respect to the design variables [82]. However, they face
significant limitations in the context of soft robot design. First, gradient computation is of-
ten difficult or impossible when the objective is evaluated through a black-box FEM solver,
particularly with contact, material failure, or topological changes. Second, gradient-based
methods converge to the nearest local optimum and cannot escape basins of attraction
to explore alternative designs. Third, they handle discrete or categorical variables (e.g.,
material type, number of chambers) poorly. While adjoint methods and differentiable simu-
lation frameworks have made progress in providing gradients for some soft robot design
problems [83,84], their applicability remains limited to specific problem formulations.

Trial-and-error design, guided by engineering intuition and biological inspiration,
has produced many successful soft robots. However, it is inherently limited by the de-
signer’s experience and imagination, and it cannot systematically explore the vast design
spaces that characterize soft robotic systems. The result is that promising regions of the
design space, particularly non-intuitive designs that a human designer would not consider,
remain unexplored.

2.3.2. Properties of Bio-Inspired Optimization

Bio-inspired optimization algorithms, as mentioned in Section 1, address the above
limitations through several key properties inherited from their biological counterparts [23,24]:

Population-based search: Unlike gradient-based methods that track a single solution,
bio-inspired algorithms maintain a population of candidate solutions that simultaneously
explore different regions of the design space. This provides natural robustness against local
optima and enables the discovery of diverse, high-performing designs.

Gradient-free operation: Some bio-inspired algorithms evaluate candidate solutions
based on their fitness (objective function value) without requiring gradient information.
This makes them compatible with any simulation tool, including black-box FEM solvers,
and allows them to handle non-smooth, noisy, or discontinuous objective functions.

Handling of mixed-variable spaces: Many bio-inspired algorithms naturally accom-
modate continuous, discrete, and categorical design variables within the same optimization
framework, making them well suited to soft robot design problems that involve both
continuous geometric parameters and discrete material choices.

https://doi.org/10.3390/biomimetics11100714

https://doi.org/10.3390/biomimetics11100714


Biomimetics 2026, 11, 714 8 of 34

Multi-objective capability: Algorithms such as NSGA-II and MOEA/D are specif-
ically designed to identify Pareto-optimal sets of solutions [85]. This is directly relevant
to soft robot design, where trade-offs between performance metrics (e.g., displacement vs.
stiffness, speed vs. energy consumption) are the norm.

Scalability and parallelizability: The population-based nature of bio-inspired al-
gorithms makes them naturally suited to parallel evaluation, where multiple candidate
designs can be simulated concurrently on multi-core processors or cloud computing infras-
tructure, partially offsetting the computational cost of FEM-in-the-loop optimization.

2.3.3. Biological Analogy

There is a compelling conceptual symmetry in applying bio-inspired optimization
to soft robot design. The biological organisms that serve as design inspiration for
soft robots (e.g., octopuses, caterpillars, fish, plants) are themselves the products of
evolutionary optimization [86,87]. They are shaped by natural selection over millions of
years to achieve high performance within the constraints of soft, compliant materials [22].
Evolutionary algorithms and other bio-inspired methods replicate key aspects of this
process in silico: variation (mutation and crossover), selection (fitness-based survival),
and adaptation (population-level improvement over generations). From this perspective,
bio-inspired optimization does not merely borrow algorithms from biology. It also
mirrors the same process by which nature arrived at the soft-bodied designs that inspire
the field.

Furthermore, the principles underlying different bio-inspired optimization methods
(e.g., evolution, swarm behavior, ecological competition, growth and remodeling) cap-
ture different aspects of biological design processes. Evolutionary algorithms model the
long-term adaptation of populations across generations. Swarm intelligence captures the
collective decision-making of decentralized agents. Growth-inspired methods model the
morphogenetic processes by which biological structures develop their shape. This diversity
of biological principles provides researchers with a rich toolkit of algorithmic strategies,
offering different strengths for different types of design problems.

3. Bio-Inspired Optimization Methods
This section reviews the principal families of bio-inspired optimization methods that

have been applied to soft robot design. As defined in Section 1, we interpret “bio-inspired
optimization” broadly to include not only algorithms directly modeled on evolutionary
and swarm behavior (Sections 3.1–3.3), but also topology optimization methods rooted
in biological structural adaptation (Section 3.4), and machine-learning-assisted methods
built on bio-inspired neural and learning architectures (Section 3.5). For each method
category, we describe the underlying biological principles, the algorithmic mechanism,
key variants, and representative work in soft robotics. Figure 2 illustrates the generalized
optimization workflow shared by these methods. In each iteration, candidate designs are
first evaluated through physics-based simulation or an ML surrogate. Their performance
is then scored against one or more objectives, and a design update strategy generates
improved candidates for the next iteration. These strategies are presented as selectable
alternatives in Figure 2.

https://doi.org/10.3390/biomimetics11100714

https://doi.org/10.3390/biomimetics11100714


Biomimetics 2026, 11, 714 9 of 34

Initial design 
concept

Define design 
problem

Initialize 
candidates 

Simulate 
candidates 

(FEM/physics) 

Evaluate 
objective

Design update strategy (select one)

EA: crossover PSO: velocity TO: sensitivity

ML: surrogate

Optimized soft 
robot design

Fabrication 
constraints

Optimization loop

Not converged

Other 
strategies

Figure 2. Generalized workflow of bio-inspired optimization for soft robot design. The optimization
loop iterates between physics-based simulation (or an ML surrogate that approximates it) and a
design update step. The design update block shows alternative optimization strategies reviewed in
this article, and a given study typically employs one.

3.1. Evolutionary Algorithms

Evolutionary algorithms (EAs) are optimization methods inspired by the principles of
biological evolution: variation, selection, and heredity [88,89]. A population of candidate
solutions (individuals) is iteratively improved through stochastic operators that mimic
natural selection and genetic recombination. EAs are among the most widely applied
bio-inspired methods in soft robot design due to their flexibility, global search capability,
and ability to handle complex, non-convex design spaces.

3.1.1. Genetic Algorithms

Genetic algorithms (GAs) represent candidate designs as chromosome-like strings of
variables (binary, integer, or real-valued) and evolve them through selection, crossover,
and mutation operators [90,91]. In each generation, individuals are evaluated by a fitness
function (typically computed via FEM simulation), and high-fitness individuals are pref-
erentially selected to produce offspring. Crossover combines the design variables of two
parent solutions, while mutation introduces random perturbations to maintain diversity
and prevent premature convergence.

In soft robotics, GAs have been applied to optimize the geometry of pneumatic soft
actuators [92,93], the cross-sectional topology of soft pneumatic chambers [94], the shape
of soft grippers for maximum grasping force or adaptability [36], and the body plan of
multi-legged soft locomotion robots [95,96]. An advantage of GAs is their straightfor-
ward integration with any simulation tool: the fitness function is treated as a black box,
making GAs compatible with commercial FEM solvers (e.g., ABAQUS 2026 (Dassault,
Vélizy-Villacoublay, France), ANSYS 2026 (Canonsburg, PA, USA)) as well as open-source
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platforms. However, GAs typically require a large number of fitness evaluations to con-
verge, which can be difficult when each evaluation involves a computationally expensive
FEM simulation.

3.1.2. Evolutionary Strategies

Evolutionary strategies (ESs), including the covariance matrix adaptation evolution
strategy (CMA-ES), operate primarily on continuous design variables and rely on self-
adaptive mutation step sizes rather than crossover [97,98]. CMA-ES maintains a multi-
variate normal distribution over the design space and adaptively updates its covariance
matrix to learn favorable search directions. This makes CMA-ES particularly effective for
continuous parameter optimization problems with moderate dimensionality (typically up
to a few hundred variables).

CMA-ES has been used to optimize the geometric parameters of soft pneumatic
actuators, including chamber dimensions, wall thickness, and fiber reinforcement
angles [39,99,100]. Its adaptive step-size control makes it well suited to the rugged, multi-
modal landscapes typical of soft robot design, and it generally requires fewer function
evaluations than standard GAs for continuous-variable problems.

3.1.3. Genetic Programming and Compositional Pattern-Producing Networks

Genetic programming (GP) evolves programs or mathematical expressions rather than
fixed-length parameter vectors, enabling it to discover novel design representations [101].
In soft robotics, GP has been extended through compositional pattern-producing net-
works (CPPNs), which encode spatial patterns of material distribution as functions of
position [21,102]. A CPPN takes spatial coordinates as input and outputs local material
properties (e.g., stiffness, presence/absence of material), allowing the representation of
complex, high-resolution designs with a compact genotype. This encoding was central
to the seminal work on evolving soft robots with multiple materials by Cheney et al. [21]
and has been widely adopted in the evolutionary soft robotics community [25,103,104].
The CPPN-NEAT framework, which evolves both the topology and weights of CPPNs
using the NEAT algorithm, provides an open-ended generative encoding that can produce
designs of varying complexity [105].

3.2. Swarm Intelligence

Swarm intelligence algorithms draw inspiration from the collective behavior of de-
centralized, self-organized biological systems such as bird flocks, fish schools, ant colonies,
and bee swarms [106–108]. Unlike evolutionary algorithms, which are inspired by inter-
generational adaptation, swarm methods model the real-time cooperative search behavior
of a population of agents.

3.2.1. Particle Swarm Optimization

Particle swarm optimization (PSO) simulates the social behavior of bird flocking or fish
schooling [24]. Each particle in the swarm represents a candidate design and moves through
the design space influenced by its own best-known position and the best-known position
of the entire swarm. The balance between individual memory (cognitive component)
and social influence (social component) enables PSO to explore broadly while converging
toward promising regions.

PSO has been applied to optimize structural parameters of soft bellows pneumatic
actuators [109,110], to tune PID controller parameters for soft robot locomotion [111], and to
calibrate simulation parameters for reducing the sim-to-real gap in soft robot models [112].
PSO is generally easier to implement and tune than GAs, with fewer hyperparameters,
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but may converge prematurely on highly multi-modal landscapes without appropriate
diversity-preservation mechanisms.

3.2.2. Ant Colony Optimization

Ant colony optimization (ACO) is inspired by the pheromone-based foraging behavior
of ant colonies, where individual ants deposit chemical trails that collectively guide the
colony toward optimal food sources [113]. ACO operates on discrete or combined design
spaces and has been primarily applied in robotics for path planning and task allocation. In
soft robot design, ACO has potential applicability to problems with combined structure,
such as selecting optimal combinations of discrete actuator modules or routing internal
channels within a soft body, while its application to soft robot morphology design remains
limited compared to GAs and PSO [36].

3.3. Other Gradient-Free Metaheuristic Methods

Beyond evolutionary and swarm-based methods, several other gradient-free meta-
heuristics have also been applied to soft robot design.

3.3.1. Simulated Annealing

Simulated annealing (SA) is inspired by the physical process of cooling a material
from a high-temperature state to achieve a low-energy crystalline structure [114]. SA
explores the design space by accepting not only improvements but also worsening moves,
which enables the algorithm to escape local optima. SA has been applied to optimize
material distributions and geometric parameters in compliant mechanism design [115]. Its
single-solution nature makes it computationally lightweight but slower to converge than
population-based methods.

3.3.2. Differential Evolution

Differential evolution (DE) is a population-based metaheuristic that generates new
candidate solutions by combining differences between existing population members [116].
DE is particularly effective for continuous optimization problems and has been applied to
optimize the design parameters of soft actuators and compliant mechanisms [117,118]. Its
simplicity, robustness, and competitive performance with minimal parameter tuning make
it an attractive alternative to GAs for real-valued design optimization.

3.4. Topology Optimization

Topology optimization (TO) determines the optimal distribution of material within
a given design domain to maximize certain performance subject to constraints [119,120].
Unlike the parametric optimization methods discussed above, which optimize a fixed
set of design variables, TO can discover entirely new structural topologies. This makes
TO particularly powerful for soft robot design, where the optimal internal architecture is
unknown a priori.

3.4.1. Density-Based Methods

The solid isotropic material with penalization (SIMP) method is the most widely used
density-based TO approach [119,121]. Each finite element in the design domain is assigned
a continuous density variable between 0 (void) and 1 (solid), and a penalization scheme
drives intermediate densities toward discrete 0/1 values. The optimization is typically
solved using gradient-based methods with sensitivities computed via adjoint analysis.

SIMP has been extensively applied to the design of soft pneumatic actuators and
compliant mechanisms. Zhang et al. [122] used SIMP to optimize the three-dimensional
shape of a soft gripper for maximum tip deflection under pneumatic pressure. Sun et al. [53]
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proposed LARG, a lightweight robotic gripper with 3D topology-optimized adaptive fingers
that achieve compliant, adaptive grasping of irregular objects, with the optimized finger
designs fabricated as single-piece 3D-printed structures. The same group further extended
SIMP-based multi-objective optimization to the design of compliant robotic legs for bio-
inspired quadruped robots, balancing structural stiffness and bending flexibility [54,123].
Caasenbrood et al. [124] adapted nonlinear SIMP-based TO with pressure-dependent loads
for soft PneuNet design. A key challenge in applying SIMP to pneumatic soft robots is
the design-dependent nature of the pressure load: as the structure deforms, the surface on
which pressure acts changes, requiring specialized formulations. Kumar et al. [125,126]
addressed this using Darcy’s law with a drainage term to model pressure load surfaces
implicitly within the SIMP framework, and provided the open-source MATLAB code
SoRoTop for topology optimization of pneumatic-driven soft robots [127]. More recently,
multi-material SIMP formulations have been developed to simultaneously optimize the
distribution of materials with different stiffnesses, enabling the design of soft robots with
functionally graded properties [128,129].

3.4.2. Level-Set and Phase-Field Approaches

Level-set methods represent the structural boundary as the zero level set of a higher-
dimensional function, providing crisp material interfaces without the intermediate-density
ambiguity of SIMP [130,131]. Phase-field approaches achieve a similar effect through a
smooth but narrow transition zone governed by a diffusion-type equation. These methods
have been applied to compliant mechanism design and are particularly advantageous
when sharp interfaces between solid and void regions are important [132–134].

3.4.3. Evolutionary Structural Optimization

Bi-directional evolutionary structural optimization (BESO) is a TO method that iter-
atively adds and removes material elements based on sensitivity information [135,136].
Unlike SIMP, BESO operates with discrete (0/1) density variables, producing designs that
are inherently free of intermediate densities. Chen et al. [137] applied BESO to the topology
optimization of soft pneumatic actuators with pressure-dependent loads, demonstrating an
alternative approach to the design-dependent loading challenge. BESO bridges the gap be-
tween gradient-based TO and evolutionary algorithms: while it uses gradient information
for sensitivity ranking, its update mechanism draws an analogy to evolutionary selection.

3.4.4. Growth- and Remodeling-Inspired Methods

Growth-inspired TO methods draw directly from biological morphogenesis, the pro-
cesses by which organisms develop their physical form [138–140]. Using these methods,
material is added where mechanical stimuli indicate a need for reinforcement and removed
where it is underutilized, analogous to Wolff’s law for bone remodeling. Growth-inspired
approaches have been applied to compliant mechanism design and offer an intuitive inter-
pretation of the optimization process [64]. They can be combined with density-based or
level-set methods to guide the optimization toward biologically plausible topologies.

3.4.5. Multi-Material and Multi-Physics Topology Optimization

Modern soft robot design increasingly requires simultaneous optimization of multiple
materials with different mechanical properties. Multi-material TO extends standard SIMP
or level-set formulations to optimally distribute two or more materials (e.g., a stiff polymer
and a soft elastomer) within the design domain [27,128,129]. This is directly relevant to
multi-material 3D printing, where spatially varying stiffness can be physically realized.

Multi-physics TO extends the optimization to coupled problems, such as simulta-
neous fluid–structure optimization of pneumatic channels [141] or electro-mechanical
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optimization of dielectric elastomer actuators [61]. These extensions significantly increase
the computational cost but enable the design of soft robots that are optimized holistically
rather than component by component.

3.5. Machine-Learning-Assisted Bio-Inspired Optimization

The computational cost of coupling bio-inspired optimization with high-fidelity FEM
simulation has motivated the development of machine learning (ML)-assisted approaches.
These methods use ML models to accelerate or replace parts of the optimization process.

3.5.1. Surrogate-Assisted Evolutionary Optimization

Surrogate-assisted evolutionary optimization (SAEO) replaces part of the expensive
FEM evaluations with predictions from a trained surrogate model, which is typically a
Gaussian process, neural network, or radial basis function model [142,143]. The surrogate
is trained on a small set of FEM simulations and then used to pre-screen candidate designs,
directing the evolutionary search toward promising regions. Adaptive sampling strategies,
such as expected improvement or lower confidence bound, guide when to query the true
FEM simulation versus when to rely on the surrogate.

In soft robotics, surrogate-assisted approaches have been used to accelerate the opti-
mization of pneumatic actuator geometries [144–146]. Yao et al. [147] proposed a general-
ized surrogate modeling pipeline based on reduced-order FEM models, validated through
sim-to-real transfer across multiple soft actuator types. These approaches can reduce the
number of FEM evaluations by one to two orders of magnitude, making optimization
feasible for large-size problems.

3.5.2. Bayesian Optimization

Bayesian optimization (BO) is a sequential, model-based optimization strategy that
uses a probabilistic surrogate model and an acquisition function to balance exploration and
exploitation [148,149]. BO is particularly well suited to expensive black-box optimization
problems with low-to-moderate dimensionality.

BO has been applied to optimize the design parameters of soft pneumatic actuators [150],
to tune morphological parameters of soft robots for specific tasks [151], and to perform
multi-objective robot co-design through bilevel formulations [152]. Its sample efficiency
makes it attractive when each design evaluation requires physical fabrication and testing
rather than simulation alone. However, standard BO scales poorly beyond 20 design
variables, limiting its applicability to parametric design problems [149].

3.5.3. Reinforcement Learning for Morphology–Control Co-Optimization

Reinforcement learning (RL) offers a fundamentally different approach to soft robot
design, which is to co-optimize the robot’s morphology and its control policy simultane-
ously, rather than optimizing a static design for a fixed objective [153,154]. The design is
treated as part of the controller’s operating environment, and both are updated iteratively
to maximize task performance (e.g., locomotion speed, manipulation accuracy).

This co-design paradigm has been explored extensively in simulated soft robot en-
vironments. Bhatia et al. [29] introduced Evolution Gym, a large-scale benchmark for
evolving soft robots that co-optimizes voxel-based morphologies and neural network con-
trollers. Kriegman et al. [25] demonstrated a scalable pipeline for designing reconfigurable
organisms. In that work, an evolutionary algorithm was used to optimize the morphology
and controller to orchestrate the behavior of the cells. More recently, approaches combining
RL with differentiable simulation have enabled gradient-based co-optimization, achieving
faster convergence than purely evolutionary methods [83,155]. Strgar and Kriegman [156]
proposed morphological pretraining, where a universal morphology-agnostic controller is
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obtained through differentiable simulation and enables rapid evaluation of evolutionary
design changes.

A key challenge in RL-based co-design is the sim-to-real gap, as controllers and mor-
phologies optimized in simulation may not transfer directly to physical hardware due to
modeling inaccuracies. To bridge this gap, surrogate compliance models capturing essential
mechanical effects within a rigid-body simulator have been proposed recently [157].

3.5.4. Generative Models for Soft Robot Design

Generative models, including variational autoencoders (VAEs), generative adversarial
networks (GANs), and diffusion models, represent the latest advances in ML-assisted soft
robot design [158–160]. These models learn the underlying distribution of viable designs from
a dataset and can generate novel designs that lie within or beyond the training distribution.

Wang et al. [26] introduced DiffuseBot, a physics-augmented diffusion model that
generates soft robot morphologies optimized for diverse tasks. By augmenting the diffusion
process with a differentiable physics simulation, DiffuseBot can generate plausible designs.
Hu et al. [161] applied GANs to modular robot design optimization, learning a latent design
space from which new morphologies can be sampled and evaluated.

Compared to traditional evolutionary search, generative models can leverage prior
knowledge encoded in training data, generate diverse designs in a single forward pass,
and potentially discover design families rather than individual optima. However, they
require large training datasets of evaluated designs, which may be expensive to generate.
In addition, ensuring the physical validity and fabricability of generated designs remains
an open challenge.

3.6. Comparison and Selection Criteria

The methods reviewed above differ substantially in their operational characteristics.
Hence, selecting an appropriate method for a given soft robot design problem requires
balancing multiple considerations. Table 2 provides a comparative overview across key
criteria. The following discussion interprets these characteristics in terms of practical
trade-offs for soft robot design. Here, the qualitative ratings and quantitative ranges in the
tables are indicative estimates synthesized from the reviewed literature rather than results
of controlled benchmarking. They are intended as starting points for method selection and
should be validated against the specific problem at hand.

Evolutionary algorithms (GAs, CMA-ES) offer the broadest applicability, as they im-
pose no requirements on the objective function and can interface with any simulation
tool as a black box [88,89]. However, they typically require 102–104 fitness evaluations to
converge [92,93,96], which becomes prohibitive when each evaluation involves a nonlinear
FEM simulation. CMA-ES is more sample-efficient than standard GAs for continuous prob-
lems [97,98] but does not handle discrete or mixed variables. The CPPN-NEAT encoding
enables open-ended design exploration but can produce geometrically complex structures
that are difficult to fabricate [21,105]. In general, evolutionary methods are best suited
to problems where the design space is poorly understood and broad exploration is more
valuable than rapid convergence.

Swarm intelligence methods (PSO, ACO) have seen comparatively limited adop-
tion in soft robot design. PSO has been applied mainly to low-dimensional parametric
tuning [109–112] rather than topology discovery, and ACO’s discrete nature restricts it
to combinatorial problems such as channel routing [113]. Systematic benchmarking of
swarm methods against EAs on standardized soft robot problems remains scarce, making
it difficult to assess when they offer genuine advantages over GAs or CMA-ES.
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Table 2. Comparison of bio-inspired optimization methods for soft robot design.

Method 1 Design
Space Type

Typical Dimen-
sionality

Gradient
Requirement

FEM Evaluations
Needed

Multi-Objective
Support Co-Design 2 References

GA Continuous,
discrete,
mixed

Low–high No High Strong Possible Pneumatic
actuator geometry
[92], gripper shape
[93], voxel-based
locomotion
[21,162]

CMA-ES Continuous Low–mod. No Moderate Limited Limited Fiber-reinforced
actuators [99],
chamber and wall
thickness [41,100]

GP/CPPN-
NEAT

Continuous,
mixed

Low–high No High Possible Possible Multi-material soft
robots [21],
reconfigurable
organisms [25]

PSO Continuous Low–mod. No Moderate Moderate Limited Bellows
pneumatic
actuator [109,111],
controller tuning
[111], sim-to-real
calibration [112]

ACO Discrete Low–moderate No Mod. Limited No Channel routing
[113]

SA Continuous,
discrete

Low–moderate No Low–moderate Weak No Compliant
mechanism design
[115]

DE Continuous Low–moderate No Moderate Moderate Limited Compliant
actuator [117],
microgripper [118]

SIMP/Level-
Set TO

Continuous
(element
densities)

Very high Yes (adjoint) Low Possible No Soft gripper
[53,122], PneuNet
actuator [124],
SoRoTop code
[127]

BESO Discrete
(0/1)

Very high Yes (sensitivity) Low Possible No Pneumatic
actuator with
pressure loads
[137]

SAEO Any (base
EA)

Low–high No (EA layer) Low Strong Possible Surrogate for
pneumatic
actuators [144],
generalized
surrogate pipeline
[147]

BO Continuous Low No Very low Moderate Limited Soft actuator
tuning [150],
multi-objective
co-design [151]

RL
Co-Design

Continuous,
discrete

Moderate–high Optional High Natural Native Evolution Gym
[29],
morphological
pretraining [156],
reconfigurable
organisms [25]

Generative
Models

Continuous
(latent)

High Yes (training) High (training
set)

Possible Possible DiffuseBot [26],
modular robot
GAN [161]

1 Qualitative assessments are relative comparisons across the listed methods, while specific evaluation ranges with
supporting references are discussed in the accompanying text. 2 Co-Design refers to simultaneous morphology
and control optimization.
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Simulated annealing (SA) and differential evolution (DE) provide lightweight alterna-
tives. SA is computationally inexpensive but converges slowly on high-dimensional prob-
lems due to its single-solution search [114,115]. DE offers competitive performance with
minimal hyperparameter tuning and is particularly effective for continuous parametric op-
timization [116–118]. A broader concern in this category is that SA’s single-solution search
restricts its scalability and multi-objective capability, while DE’s restriction to continuous
variables limits its applicability to problems with discrete or mixed design representations.

Topology optimization (SIMP, level-set, BESO) is the most powerful approach for
structural discovery, as it operates at per-element resolution and can find non-intuitive
topologies that parametric methods cannot reach [119,120]. Its gradient-based nature
makes it highly efficient, typically converging in 101–102 iterations [121,127]. However,
TO faces specific challenges in soft robotics: large-deformation formulations are prone to
convergence difficulties [124,137], design-dependent pressure loads require specialized
formulations such as Darcy-based approaches [125,126], and optimized designs often
contain features that violate manufacturing constraints such as thin walls or enclosed
voids [163,164]. Multi-material TO expands the design space significantly but increases
computational cost and regularization complexity [128,129].

Machine-learning-assisted methods address the evaluation cost bottleneck but in-
troduce their own limitations. Surrogate models can reduce FEM evaluations by one to
two orders of magnitude [144–147] but may produce inaccurate predictions in unexplored
regions of the design space. Bayesian optimization is highly sample-efficient but scales
poorly beyond approximately 20 design variables [148,149]. RL-based co-design produces
impressive results in simulation [29,156], yet sim-to-real transfer remains a persistent chal-
lenge with few demonstrated physical deployments [157]. Generative models can propose
novel designs in a single forward pass [26,161] but require large training datasets and
offer limited guarantees on physical validity. Across all ML-assisted methods, uncertainty
quantification in design predictions remains an open gap.

A recurring observation across all method families is the gap between simulation-
based optimization and experimental validation. The majority of studies in the surveyed
literature present results exclusively in simulation. Studies that demonstrate complete
pipelines from optimization through fabrication to physical testing [53,54,124,127] remain
the minority but provide stronger evidence of physical realizability. This gap is particularly
pronounced in locomotion morphology design and RL-based co-design, while gripper
and actuator design show greater maturity in closing the optimization-to-fabrication loop
[53,122,165]. Based on the comparison above and the literature reviewed, we offer the
following practical guidelines for method selection:

• Parametric optimization of a soft actuator with known topology (e.g., optimizing
chamber dimensions, wall thickness, fiber angle): CMA-ES or Bayesian optimization
are recommended for their sample efficiency in continuous, moderate-dimensional
spaces. For problems with mixed or discrete variables, GAs or DE are preferable.

• Topology discovery for a certain soft robotic structure (e.g., finding the optimal
internal structure of a soft actuator from scratch): SIMP-based or level-set TO is the
recommended method, particularly when adjoint sensitivities can be computed. For
problems where gradient computation is difficult, BESO or GA-based topology search
can serve as alternatives.

• Multi-material design (e.g., distributing stiff and soft materials within a printable design
domain): Multi-material SIMP or multi-material level-set TO is most appropriate, with
GA-based search as a gradient-free alternative for complex multi-physics problems.

• Morphology–control co-design (e.g., simultaneously designing a soft robot’s body and
locomotion controller): RL-based co-optimization or nested evolutionary approaches
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are recommended. Evolution Gym and similar benchmarks provide standardized
testing environments.

• Expensive evaluation with limited budget (e.g., each design requires physical fabri-
cation and testing): Bayesian optimization or surrogate-assisted EA approaches are
recommended to minimize the number of evaluations.

• Exploring novel, non-intuitive designs (e.g., discovering fundamentally new soft
robot morphologies): CPPN-NEAT, generative models, or large-scale evolutionary
searches in voxel-based simulation environments are appropriate.

• Multi-objective optimization (e.g., balancing displacement, stiffness, weight, and
fabricability): NSGA-II, MOEA/D, or multi-objective TO are recommended choices.
Multi-objective BO can be used when evaluations are very expensive.

4. Applications in Soft Robot Design
The optimization methods reviewed in Section 3 have been applied to a wide range of

soft robot design problems. This section surveys these applications organized by design
domain, with representative examples illustrated in Figure 3.

Topology 
optimization

Optimized element

(a) Morphology design of soft gripper (b) Pneumatic chamber design

FE analysis Prototype

State prediction with minimal sensor displacement

(c) Multimaterial-like design (d) Sensing and control co-design
Plane joint Uniaxial joint Biaxial joint

Slide Compression Compression

Figure 3. Representative applications of bio-inspired optimization in soft robot design. (a) Mor-
phology and body design: topology optimization generates an adaptive finger structure from a
design domain, yielding a lightweight, 3D-printed gripper (adapted from [53]). (b) Actuator and
mechanism design: topology-optimized internal structure of a soft pneumatic actuator (adapted
from [166]). (c) Multi-material design: bio-inspired compliant joint types mimicking human skeletal
joints, fabricated using programmable 3D-printed microstructures (adapted from [167]). (d) Sensing
and control co-design: optimal sensor placement within a soft pneumatic system (adapted from [168]).

4.1. Morphology and Body Design
4.1.1. Locomotion Bodies

The design of soft robots for locomotion has been a primary testbed for bio-inspired
optimization. Locomotion is particularly well suited to evolutionary optimization because
the performance metric (e.g., speed, distance, energy efficiency) is straightforward to evalu-
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ate in simulation. Voxel-based evolutionary design: A widely adopted approach models
soft robots as assemblies of discrete voxels, each assigned a material type (e.g., soft, rigid,
actuated, passive), and evolves the arrangement using evolutionary algorithms. Cheney
et al. [21] pioneered this approach using CPPN-NEAT to evolve soft robots with multiple
materials in the Voxelyze simulator, producing diverse locomotion morphologies including
crawling, undulating, and galloping gaits. Kriegman et al. [25] extended this pipeline
to design reconfigurable biological robots (xenobots) from frog cells, demonstrating that
computationally evolved morphologies can be physically realized in biological substrates.
Bhatia et al. [29] introduced Evolution Gym, a large-scale benchmark environment for
co-designing voxel-based soft robot morphologies and controllers, enabling standardized
comparison across algorithms. More recently, Medvet et al. [162] investigated biodiversity
in evolved voxel-based soft robots, showing that the choice of evolutionary algorithm and
design representation significantly influences the diversity of evolved morphologies.

Topology-optimized locomotion: Kobayashi et al. [27] demonstrated that density-based
topology optimization, combined with the material point method (MPM) for simulating
large-deformation dynamics, can synthesize locomotive soft robots from scratch. Their
method automatically discovered walking and climbing body plans without prescribing the
locomotion mode, representing a milestone in the application of TO to soft robot locomotion.

Bio-inspired morphologies: Many locomotion designs draw directly from specific bi-
ological organisms. Caterpillar-inspired crawling robots have been optimized for wave-like
peristaltic locomotion through parameter optimization of segment geometry and actuation
timing [169]. Fish-inspired swimming robots have been designed using shape optimization
and differentiable simulation to match desired hydrodynamic performance [170]. Ma
et al. [171] proposed DiffAqua, a differentiable computational design pipeline for soft
underwater swimmers that uses shape interpolation to explore morphological variations.
Octopus-inspired manipulators and swimmers have motivated the optimization of contin-
uum arm geometries and multi-arm coordination strategies [172].

4.1.2. Grippers and Manipulators

Soft grippers represent one of the most commercially relevant applications of soft
robot design optimization. The design challenge is to produce a gripper that can conform
to objects of varying shapes and sizes while generating sufficient grasping force.

Zhang et al. [122] performed topology optimization of a 3D-printed soft gripper using
SIMP, optimizing the outer shell topology for maximum tip deflection under pneumatic pres-
sure. Zhang et al. [128] extended this to multi-material topology optimization of soft fingers for
grippers, rehabilitation devices, and artificial hands. Liu et al. [173] used a GA-based approach
to optimize the design of a soft robotic gripper for grasping unknown objects, balancing grasp
adaptability and force output. Sun et al. [165] developed a 3D topology optimization framework
for soft robotic grippers and proposed LARG, a lightweight gripper with topology-optimized
adaptive fingers [53]. Pinskier et al. [174] combined multi-material topology optimization
with multi-dimensional archive of phenotypic elites (MAP-Elites) quality-diversity search to
generate diverse gripper designs that span a range of grasping behaviors, and further ex-
plored diversity-based topology optimization of soft robotic grippers [175]. More recently,
Xie et al. [176] combined topology optimization with MAP-Elites to traverse complex design
spaces, identifying high-performing designs across diverse behavioral niches.

4.2. Actuator and Mechanism Design

While morphology design addresses the overall body plan, actuator and mechanism
design focuses on the internal functional components that generate motion: pneumatic
chambers, cable routing paths, and compliant joint elements.
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4.2.1. Pneumatic Network (PneuNet) Optimization

Pneumatic soft actuators generate motion through the inflation of internal chambers
embedded within an elastomeric body. The geometry, number, spacing, and shape of these
chambers critically determine the actuator’s deformation behavior, making them natural
targets for optimization.

Mosadegh et al. [14] established the foundational PneuNet architecture with rapidly
actuating pneumatic networks. Subsequent optimization studies have used GAs to opti-
mize chamber dimensions for maximum bending curvature [92], Bayesian optimization to
tune bellow actuator geometry [150], and SIMP-based topology optimization to discover
optimal chamber topologies from scratch [124,125]. Caasenbrood et al. [124] developed
a computational design framework for pressure-driven soft robots through nonlinear
topology optimization, addressing the challenge of design-dependent pressure loads. Ku-
mar [127] provided the open-source SoRoTop MATLAB code for topology optimization
of pneumatic-driven soft robots, lowering the barrier to entry for researchers. Mosser
et al. [94] combined Convolutional Neural Network (CNN)-based surrogate models with
Bézier curve-parameterized GAs to optimize the inner cavity structure of 3D soft pneumatic
actuators. Dalklint et al. [141] proposed simultaneous shape and topology optimization of
inflatable soft robots, treating both the external shape and internal material distribution
as design variables. This unified approach avoids the sequential design paradigm (first
optimize topology, then optimize shape) and can discover designs that are globally superior.

4.2.2. Compliant Joint Synthesis

Compliant joints, also known as flexure hinges, replace conventional pin or ball joints
with geometrically tailored material sections that undergo elastic deformation. In soft
robotics, compliant joints serve as the fundamental building blocks for monolithic, 3D-
printable robotic structures, eliminating the need for assembly of discrete parts [177–179].
The geometry and topology of a compliant joint directly determine its rotational range,
stiffness, stress distribution, and fatigue life, making it a natural target for optimization.

Topology optimization has been the dominant method for compliant joint design since
the foundational work of Sigmund [180], who formulated the problem as maximizing a
displacement objective subject to stiffness and volume constraints. Mutlu et al. [181] investi-
gated various flexure hinge morphologies for 3D-printed soft monolithic prosthetic fingers,
identifying optimal hinge types that maximize bending displacement under minimal ac-
tuation force. Hussain et al. [182] demonstrated how to 3D-print compliant joints with a
selected stiffness for cooperative underactuated soft grippers. More recently, topology-
optimized compliant joints have been extended to continuum robots, where multi-axis
flexure joints with optimized torsional stiffness and rotational flexibility enable compact,
3D-printable continuum structures [183,184]. In addition, a fish-tail-inspired shape opti-
mization method was developed in [64] to improve the stress distribution across serially
connected compliant joints in tendon-driven continuum robots.

4.3. Multi-Material Design

One of the most significant opportunities enabled by modern additive manufacturing
is the spatial distribution of multiple materials with different mechanical properties within
a single soft robot. Optimization methods are essential for exploiting this expanded design
space, as the number of possible material configurations grows exponentially with the
resolution of the print.
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4.3.1. Spatially Varying Stiffness

By varying the local stiffness across a soft robot’s body, designers can program its
deformation behavior without altering the external geometry [167]. Stiff regions act as
structural elements that resist deformation, while soft regions act as compliant joints or
actuation zones. Multi-material topology optimization determines where to place each
material to achieve the desired functional behavior.

Zhang et al. [128] demonstrated multi-material topology optimization of soft pneu-
matic fingers using a combination of hard and soft photopolymers, fabricated on a multi-
material PolyJet printer. The optimized multi-material design significantly outperformed
single-material designs in both deformation range and payload capacity. Sun et al. [52]
applied optimization-based shape design to soft–rigid hybrid fingers, integrating topology-
optimized compliant structures with multi-material fabrication for adaptive grasping.
Schaffner et al. [34] used 3D printing of robotic soft actuators with programmable bioin-
spired architectures, where the spatial arrangement of stiff and soft regions was inspired
by biological muscle-tendon systems.

4.3.2. Functionally Graded Soft Structures

Functionally graded materials (FGMs) extend the concept of spatially varying stiffness
from discrete multi-material distributions to continuous gradients of material properties.
Grayscale digital light processing (DLP) 3D printing enables the fabrication of FGMs by
locally varying the crosslinking density of a photopolymer, producing continuous stiffness
gradients within a single print [185]. Evolutionary algorithms and TO methods have been
applied to optimize these gradients for soft actuators, where a smooth stiffness transition
can reduce stress concentrations and improve fatigue life compared to abrupt material
interfaces [186].

4.3.3. Heterogeneous Material Optimization for Additive Manufacturing

A key challenge in multi-material optimization is ensuring that the optimized design
is compatible with the constraints of the fabrication process. Multi-material FDM printing
imposes minimum feature sizes, limits on the number of simultaneously printable materi-
als, and interface bonding constraints. PolyJet printing offers higher material resolution
but is limited to specific photopolymer families. Recent work has begun to incorporate
manufacturing constraints directly into the topology optimization formulation, using filter-
ing and projection techniques to enforce minimum feature sizes, overhang constraints, and
material interface requirements [163,164]. This integration of fabrication awareness into
the optimization loop is essential for closing the gap between computationally optimized
and physically realizable designs.

4.4. Sensing and Control Co-Design

The integration of sensing and control into the design optimization process represents
an emerging frontier in soft robotics [187]. Rather than designing the mechanical structure
first and then adding sensors and controllers post hoc, co-design approaches optimize all
aspects simultaneously. Spielberg et al. [84] introduced a neural architecture that learns a
salient and sparse selection of sensor placements for optimal task performance, evaluating
their approach on six soft robot morphologies for tactile sensing and proprioception tasks.
Truby et al. [188] demonstrated distributed proprioception of 3D configuration in soft,
sensorized robots using deep learning, where the sensor layout was designed to provide
sufficient observability of the robot’s shape. More recently, theoretical frameworks have
been proposed to guide sensor design and placement by addressing how many sensors are
sufficient for accurate state prediction in compliant systems [168].
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4.5. Summary of Applications

Table 3 provides a taxonomy mapping application domains to optimization methods,
biological inspirations, and representative references. This table is intended as a practical
reference for researchers to identify which optimization methods have been applied to their
domain of interest.

Table 3. Taxonomy of bio-inspired optimization applications in soft robot design.

Application Domain Optimization Methods Biological Inspiration Representative Work

Locomotion—crawling GA/CPPN-NEAT, RL co-design, TO (MPM) Caterpillar, worm, inchworm [21,25,27,29,162,169]
Locomotion—swimming GA, diff. simulation, shape opt. Fish, jellyfish, manta ray [9,170–172]
Locomotion—jumping GA, CMA-ES Frog, flea [69,95]
Locomotion—walking GA, TO, RL co-design, multi-obj. opt. Quadruped, insect, turtle [27,29,54,123,187]
Grippers—pneumatic SIMP TO, GA, multi-material TO, MAP-Elites Octopus arm, human hand [122,174–176]
Grippers—motor-driven SIMP TO, multi-obj. opt. Biological grasping [53,132,173,189]
Pneumatic actuators SIMP TO, level-set, GA, BO, CNN surrogate Muscular hydrostat [14,92,124,125,141,190]
Compliant joints SIMP TO, level-set, growth-inspired TO Skeletal joints [64,183,184]
Multi-material distribution Multi-material TO, GA Bone-tendon-muscle systems [34,128,129,167,191]
Sensor-control co-design Neural architecture search, RL Biological proprioception [84,168,187,188]

5. Simulation Tools
Simulation is the backbone of optimization-driven soft robot design, as each candi-

date design must be evaluated before the optimizer can update the population or design
variables. The choice of simulation platform directly affects the fidelity, speed, and scope of
the optimization. Table 4 summarizes the major platforms and their characteristics.

Table 4. Overview of simulation platforms used in bio-inspired optimization of soft robot design.

Platform Physics Method Diff. Primary Use in Soft Robotics Open
Source Typical Opt. Coupling

SOFA [30] (v23.06) FEM (linear, corot.) No Real-time sim., control Yes EA, BO

FEniCS [32] (v0.8.0) FEM (nonlinear) Partial
(adjoint) High-fidelity TO Yes TO, EA

Sorotoki [166] (MATLAB)
(v4.1) FEM + Cosserat beam Yes

(adjoint) Design, sim., TO, control Yes TO, EA, BO

ABAQUS (2026
FD01)/ANSYS/COMSOL [192] FEM (nonlinear) No Validation, param. opt. No GA, PSO, CMA-ES

Voxelyze (v1.13) [31]/
Evosoro [162] Mass-spring lattice No Voxel-based EA design Yes GA, CPPN-NEAT

voxcraft-sim [193] Mass-spring lattice No Large-scale EA design Yes GA, CPPN-NEAT

Evolution Gym [29] (v1.0) Mass-spring (2D) Partial Co-design benchmark Yes EA, RL

ChainQueen [83] MPM Yes Diff. co-design Yes Gradient-based, RL

DiffTaichi [194] (v1.7) MPM, FEM Yes Diff. co-design Yes Gradient-based, RL

MuJoCo [195] (v3.1) Convex contact, FEM plugin Partial
(MJX) RL control, co-design Yes RL

PyBullet [196] (v3.2) Rigid + deformable body No RL control Yes RL

Isaac Gym [197] (Preview 4) Rigid + FEM Partial Large-scale RL Yes 1 RL

SoRoTop [127] (MATLAB) FEM (2D, SIMP) Yes
(adjoint) Pneumatic soft robot TO Yes TO (gradient-based)

TOPress/TOPress3D [126]
(MATLAB) FEM (2D/3D, SIMP) Yes

(adjoint) Pressure-loaded TO Yes TO (gradient-based)

1 Isaac Gym is freely available but not fully open-source. Diff.: differentiable; Opt.: optimization; Param.:
parameter; Corot.: corotational; Sim.: simulation. Platform characteristics were verified as of 1 September 2026,
and may change with subsequent software releases.
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5.1. Finite Element Method Platforms

SOFA (Simulation Open Framework Architecture): SOFA is a widely used open-
source framework for real-time simulation of deformable bodies, originally developed for
medical simulation and subsequently extended to soft robotics [30,198]. The SoftRobots
plugin provides dedicated components for pneumatic actuation, cable-driven actuation,
and inverse modeling capabilities for control [199,200]. SOFA’s real-time performance
makes it suitable for optimization loops that require moderate fidelity, though its linear
FEM formulations may lack accuracy for the extreme nonlinearities encountered in some
soft robot designs. Recent work has extended SOFA with interfaces for magnetic soft robot
simulation [201].

FEniCS: FEniCS is an open-source computing platform for solving partial differen-
tial equations [32,202]. It provides a high-level Python interface and supports nonlinear
hyperelastic formulations, making it suitable for high-fidelity simulation of soft robot me-
chanics [203]. FEniCS has been used for topology optimization of compliant mechanisms
and soft actuators, particularly in conjunction with adjoint-based sensitivity analysis [204].
Compared to SOFA, the flexibility of FEniCS comes at the cost of requiring more user
expertise to set up soft robot-specific simulations.

Sorotoki: Sorotoki is an open-source MATLAB toolkit that integrates design, mod-
eling, and control of soft robots within a single framework [166]. It combines implicit
CAD modeling via signed distance functions, nonlinear FEM simulation with hyperelastic
materials, reduced-order Cosserat beam models, SIMP-based topology optimization with
Method of Moving Asymptotes (MMA) solver, real-time fluidic control, and vision-based
sensing. Four open-hardware 3D-printable soft robotic systems are also provided, making it
an accessible entry point for researchers seeking an integrated design-to-control workflow.

Commercial FEM solvers (ABAQUS, ANSYS, COMSOL 6.4): Commercial solvers
offer mature, well-validated nonlinear FEM capabilities and are widely used in the soft
robotics community for design validation. They support hyperelastic material models, large
deformations, fluid–structure interaction, and contact mechanics. However, their closed-
source nature, licensing costs, and limited scripting flexibility can make the integration of
optimization loops challenging. Optimization studies using commercial solvers typically
rely on batch scripting, including writing input files, running the solver externally, and
parsing output files, which inevitably adds implementation complexity [133,192,205].

5.2. Voxel-Based Simulators

Voxelyze and Evosoro: Voxelyze is an open-source voxel-based physics engine that
models soft multimaterial objects as lattices of interconnected voxels with mass-spring-
damper dynamics [31]. Evosoro provides a high-level Python wrapper around Voxe-
lyze, enabling rapid setup of evolutionary optimization experiments for voxel-based soft
robots [206]. Voxelyze has become the de facto standard for evolutionary soft robot design,
used in seminal studies on evolving soft locomotion [21,25] and widely adopted as a bench-
mark simulator. A GPU-accelerated reimplementation, voxcraft-sim, has been developed
to address computational bottlenecks for large-scale evolutionary searches [193].

Evolution Gym: Evolution Gym is a 2D voxel-based soft robot simulation environ-
ment, which is specifically designed as a co-design benchmark [29]. It provides a suite
of standardized tasks (walking, climbing, catching, manipulating) with consistent eval-
uation protocols, as well as a user-friendly Python (v3.14.8) interface compatible with
standard RL frameworks. Evolution Gym has become the primary benchmark for compar-
ing morphology-control co-design algorithms and has catalyzed significant progress in the
field [207,208].
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5.3. Differentiable Simulators

Differentiable simulators compute gradients of the simulation output with respect to
design and control parameters, enabling gradient-based optimization of soft robot morphol-
ogy and control. ChainQueen [83] was an early differentiable simulator for soft robotics
based on the material point method (MPM). DiffTaichi [194] provides a framework for
building differentiable physical simulations using the Taichi programming language, sup-
porting soft body, fluid, and rigid body dynamics. DiffRedMax [209] extends differentiable
simulation to articulated and soft–rigid hybrid systems. These tools have enabled differen-
tiable co-design [83,155] and physics-augmented generative models [26]. They represent
a growing trend toward gradient-informed optimization that complements gradient-free
bio-inspired methods.

5.4. General-Purpose Physics Engines

General-purpose physics engines such as MuJoCo [195], PyBullet [196], and Isaac
Gym [197] have increasingly incorporated soft body simulation capabilities. While histori-
cally focused on rigid-body robotics, their GPU acceleration, RL integration, and large user
communities make them also attractive for soft robot co-design research.

5.5. Topology Optimization Codes

Open-source topology optimization codes play a particularly important role in lower-
ing the barrier for researchers to apply TO to soft robot design. Sigmund’s foundational
99-line MATLAB code [121] for 2D topology optimization has grown to a large family of
educational codes [210–213]. For soft robotics specifically, Kumar [127] developed SoRo-
Top, a MATLAB code for topology optimization of pneumatic-driven soft robots with
design-dependent pressure loads. Other researchers [214,215] developed MATLAB-based
multi-material topology optimization frameworks using SIMP with MMA/OC solvers.
These codes provide an accessible starting point for researchers seeking to apply density-
based TO to soft robot design problems. The TopOpt group at DTU has released a series
of web-based and downloadable topology optimization tools that can be adapted for
compliant mechanism and soft actuator design [216]. While not specifically targeted at
soft robotics, these tools provide validated implementations of standard SIMP, BESO, and
level-set methods.

6. Discussion: Challenges and Future Directions
The preceding sections have surveyed methods, applications, and tools for bio-inspired

optimization in soft robot design. While substantial progress has been made, several
fundamental challenges remain. This section discusses each challenge in terms of what has
been achieved, what gaps persist, and what research directions are most promising:

Computational Cost and Scalability: Surrogate-assisted optimization [144–147], GPU-
accelerated simulators [193,194], and differentiable simulation [83,155] have significantly
reduced the computational burden of optimization-driven soft robot design. However, scal-
ing to three-dimensional, multi-physics, multi-material problems with fine spatial resolu-
tion remains difficult, as most studies are still limited to 2D or coarse 3D formulations [217].
GPU-accelerated simulators currently support mass-spring or MPM physics but not the
nonlinear hyperelastic FEM that many soft robot applications require. Promising directions
include GPU-native nonlinear FEM solvers, neural operator surrogates that generalize
across geometries, and multi-fidelity strategies that combine coarse and fine simulations
within a single optimization loop.

Optimization-to-Fabrication Integration: Manufacturing constraint filters such
as minimum feature size and overhang penalties have been incorporated into TO

https://doi.org/10.3390/biomimetics11100714

https://doi.org/10.3390/biomimetics11100714


Biomimetics 2026, 11, 714 24 of 34

formulations [163,164], and several studies have demonstrated complete optimization-to-
fabrication-to-testing pipelines for soft grippers [53,165], robot legs [54,123], and pneumatic
actuators [124,127]. Nevertheless, these constraints are typically process-specific and do
not generalize across fabrication technologies. Enclosed internal voids, multi-material in-
terface bonding, and support removal challenges are rarely addressed during optimization.
Practical next steps include developing standardized fabrication constraint libraries as plug-
in modules for TO solvers. Closed-loop workflows that feed measured print deviations
back into the optimization would further help bridge the gap between computational and
physical designs.

Material Modeling and Sim-to-Real Transfer: Hyperelastic constitutive models
are now standard in soft robot simulation toolkits [30,166]. Strategies such as domain
randomization and surrogate compliance models [157] have improved sim-to-real transfer
for specific cases. However, standard models fail to capture viscoelasticity, hysteresis, stress
softening, and material aging [218], all of which significantly affect real-world performance
under cyclic loading. Batch-to-batch material variability and printing-induced anisotropy
further widen this gap. Promising paths forward include probabilistic models that capture
manufacturing variability, data-driven constitutive models trained on experimental data,
and digital twin frameworks [219] that calibrate simulation against physical sensor data in
real time.

Benchmarks and Standardization: Evolution Gym [29] provides a standardized
benchmark for voxel-based co-design, and SoRoTop [127] defines benchmark problems for
pneumatic soft robot TO. Beyond these, the field lacks widely adopted benchmarks for soft
gripper design, multi-material distribution, compliant joint synthesis, or sensor placement
optimization. Without shared benchmarks, cross-study comparison remains unreliable,
and it is difficult to assess whether newly proposed methods represent genuine progress. A
coordinated benchmark initiative covering gripper design, multi-material optimization,
and compliant joints would fill this gap. Such an initiative should define standardized
design domains, evaluation metrics, and open-source reference implementations.

Multi-Objective Optimization: Multi-objective methods such as NSGA-II and
MOEA/D have been applied to soft robot design involving two or three competing ob-
jectives [54,85,123,220]. However, real-world design involves many more simultaneous
considerations, including performance, weight, energy consumption, fabrication cost, dura-
bility, and safety. Many-objective optimization (four or more objectives) and the integration
of sustainability metrics such as material usage and recyclability remain largely unexplored.
Many-objective algorithms combined with interactive visualization tools and human-in-
the-loop preference injection [221] could make such optimization practical for industrial
soft robot design.

Toward Autonomous Design Pipelines: The trends discussed above are converging
toward autonomous pipelines spanning task specification, optimization, fabrication-aware
refinement, 3D printing, and experimental validation with feedback. Elements of this pipeline
exist individually [25,53,127,147], but no existing system integrates them in a fully automated
manner. A realistic near-term target is human-in-the-loop design, where optimization algo-
rithms handle design space exploration while human designers guide objective formulation,
constraint specification, and final selection among Pareto-optimal designs [221]. Longer-term,
coupling computational optimization with digital twin feedback could enable soft robots that
continuously refine their own design through operational experience.

7. Conclusions
This review has provided a broad, method-centric survey of bio-inspired optimiza-

tion techniques for soft robot design, systematically covering evolutionary algorithms,
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swarm intelligence, topology optimization, and emerging machine-learning-assisted ap-
proaches. Our cross-method comparison and selection guidelines offer practical guidance
for researchers to choose appropriate methods based on problem characteristics.

Several comparative findings emerge from this review. First, evolutionary algorithms
remain the most widely adopted methods due to their flexibility in discrete, multi-modal
design spaces, but their high evaluation cost makes simulation efficiency the primary
bottleneck. Second, topology optimization produces high-resolution, fabrication-ready
geometries for continuum structures but is largely restricted to gradient-available problems.
Third, machine-learning-assisted approaches substantially reduce computational cost and
enable simultaneous morphology-control co-optimization, yet most results lack experi-
mental validation. Fourth, across all categories, only a small fraction of studies include
fabrication and testing of optimized designs, confirming that the sim-to-real gap remains
the field’s central open challenge.

Looking ahead, the convergence of surrogate-assisted optimization, GPU-accelerated
simulation, fabrication-aware constraint integration, and standardized benchmarking is
bringing the vision of autonomous design pipelines of soft robots closer to reality.
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BESO Bi-directional Evolutionary Structural Optimization
BO Bayesian Optimization
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CPPN Compositional Pattern-Producing Network
DE Differential Evolution
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EA Evolutionary Algorithm

https://doi.org/10.3390/biomimetics11100714

https://doi.org/10.3390/biomimetics11100714


Biomimetics 2026, 11, 714 26 of 34

FDM Fused Deposition Modeling
FEM Finite Element Method
GA Genetic Algorithm
GP Genetic Programming
MAP-Elites Multi-dimensional Archive of Phenotypic Elites
ML Machine Learning
MMA Method of Moving Asymptotes
MOEA/D Multi-Objective Evolutionary Algorithm based on Decomposition
MPM Material Point Method
NEAT Neuroevolution of Augmenting Topologies
NSGA-II Non-dominated Sorting Genetic Algorithm II
OC Optimality Criteria
PA Polyamide
PSO Particle Swarm Optimization
RL Reinforcement Learning
SA Simulated Annealing
SAEO Surrogate-Assisted Evolutionary Optimization
SIMP Solid Isotropic Material with Penalization
SLA Stereolithography
SMP Shape Memory Polymer
TO Topology Optimization
TPE Thermoplastic Elastomer
TPU Thermoplastic Polyurethane
VAE Variational Autoencoder
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