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Abstract— Soft robots, with their highly compliant bodies,
exhibit numerous unforeseen configurations that often defy
engineering intuition and complicate control design. This work
introduces a simulation-based co-optimization framework that
jointly optimizes both morphology and control. Unlike exist-
ing approaches that rely on oversimplified soft robot models
or feed-forward controllers for simple tasks, our framework
targets complex tasks that benefit from closed-loop feedback.
The controller is trained over a hybrid design space combining
discrete parameters, which define the nominal structure, and
continuous parameters, which shift the morphology adaptively.
The design distribution is iteratively manipulated to emphasize
high-performing candidates until the optimal design—control
pair emerges. Proprioceptive feedback in the form of me-
chanical strain is integrated to provide the controller with
awareness of morphological state and interaction dynamics.
Demonstrations show that the framework converges reliably
to optimal design—control solutions, validating the effectiveness
of the proposed joint optimization strategy.

I. INTRODUCTION

Taking inspiration from biological organisms, many suc-
cessful robotic solutions seem to rely on a close and concur-
rent coupling between morphology and control. In practice,
it is not just the body and the controller, but also the flow
of perceptive information, that need to work together [1].
This interplay may be straightforward in rigid systems, but in
soft robots it becomes far more intricate, and arguably more
important. For this reason, reliable co-design frameworks
tailored to soft bodies remain in high demand. Although joint
design—control optimization has been studied extensively for
rigid robots, progress in the soft robotics community is still
limited. The result is that current soft robots fall short of
what might be called morphological intelligence, a level of
embodied adaptability that natural organisms display almost
effortlessly.

Several issues remain unresolved, but in this study, we
focus on three bottlenecks:

1) Enormous and multi-dimensional design space: Un-
like rigid robots, which can be reduced to a finite set
of joints and links, soft bodies are often described as
a continuum of deformable elements. This description
may be physically accurate, yet it makes systematic
exploration extremely costly. To make progress, the
design space is usually scaled down, often expressed
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Fig. 1: Overview of the proposed framework for jointly
design-control co-optimization.

in terms of a limited set of discrete or continuous
parameters.

2) Strong covariance among morphological variables:
Even after simplifying the design space, morphological
variables in soft robots remain tightly interdependent.

3) Lack of closed-loop feedback integration: Most cur-
rent studies still rely on feed-forward control, leaving
out motor-sensory loops. On one hand, this supports
the appealing notion of mechanical intelligence, where
behavior arises from the natural body—environment
interaction. But in reality, such an open-loop strategy
is effective only for relatively simple tasks such as
periodic walking or hopping. When conditions vary,
morphology that can actively adapt through mecha-
nisms like adjustable stiffness [2], [3] or pressure mod-
ulation [4] has been shown to improve robustness and
even enable new behaviors. Bringing this adaptability
into a closed-loop framework, through proprioceptive
or exteroceptive feedback, may allow the system to
respond dynamically to its own changing state, guiding
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are both feasible and resilient.

Motivated by these challenges, we present a simulation-
based co-design framework developed specifically for soft
robots whose bodies are described by a mix of discrete and
continuous parameters. The framework relies on a hierar-
chical loop architecture: an outer loop that proposes and
evaluates candidate morphologies, gradually concentrating
on the more promising ones, and an inner loop that applies
deep reinforcement learning (RL) to train control policies
conditioned on these morphologies. As training progresses,
evidence from policy performance returns to the outer loop,
which in turn reshapes the sampling distribution. In this
way, design evaluation guides policy learning, while control
outcomes refine design choices. Over time, the search may
converge toward regions of the morphology—control space
that are both feasible and high-performing, rather than scat-
tering effort across less relevant areas.

The distinctive feature of this work lies in how the design
space is constructed. It accommodates both discrete descrip-
tors of structure and continuous actuation variables that can
reconfigure the nominal body shape defined by those discrete
descriptors. In practice, these continuous parameters allow
the robot’s morphology to adapt online, yielding what may
be called an adaptive morphology. The resulting changes
in body configuration are sensed and reintroduced into the
control loop through proprioceptive feedback. We suggest
that this additional layer of adaptation accelerate convergence
during optimization and, more importantly, make the frame-
work extendable to more demanding tasks. Beyond optimiza-
tion, the framework also serves as a testbed: a controlled
environment where algorithmic strategies and engineered
solutions can be evaluated, and unexpected structures or
behaviors may emerge from the interplay of design and
control.

II. RELATED WORKS

Given the importance of co-optimization in robot develop-
ment, a large body of work has focused on rigid robots [5]—
[11]. Most approaches adopt an inner—outer loop structure,
where evolutionary methods or gradient-based optimization
are used to refine designs [9], [11]-[14]. These methods
are attractive because they can explore design spaces thor-
oughly and escape local optima. The trade-off, however, is
that convergence often requires long training cycles. More
recently, reinforcement learning has been explored as a way
to co-develop robot structures and controllers simultaneously
[71, [8], [15]. Another direction frames co-design as a graph
search problem, which allows graph-based algorithms to be
applied to design optimization [15]-[18].

By contrast, work on co-optimization for soft robots is
still at an early stage, though notable progress has been
made. For rigid robots, the dimension of the design space
is typically bounded by the number of rigid parts. In soft
robots, the compliant nature of the body often increases
the effective design space manyfold. A common strategy in
preliminary studies is to discretize the soft body into voxels

and perform optimization in a simulation environment [19]-
[21]. For example, Spielberg et al. used a differentiable sim-
ulator to reduce the dimensionality of voxel-based designs
before optimization. In [20], sensor placement was treated
as the optimization objective, under the assumption that
proper distribution of discrete sensors across the body would
yield a better representation of body dynamics, and thus
better performance. Similarly, Bongard et al. [22] explored
voxel deformation as a way for robots to compensate for
physical damage, though their controller remained fixed.
Recognizing the lack of standard benchmarks, Bhatia et
al. [23] introduced Evolution Gym, the first large-scale
platform for soft robot co-optimization. Building on this,
Wang et al. [24] proposed a co-design framework tailored
for locomotion in diverse terrains. While these contributions
represent important milestones, they almost exclusively focus
on feed-forward control schemes and simple behaviors, such
as walking. Furthermore, voxel-based representations differ
substantially from most soft robotic devices described in
the literature, raising questions about their transfer to actual
applications.

More recent efforts have moved toward designs that better
match real soft actuators. Schaff et al. [25], [26] presented
a co-design framework and a sim-to-real transfer pipeline
for a soft crawler with PneuNet-based legs. In this case,
optimization focused on the layout of the PneuNet chambers
rather than the intrinsic geometry of each leg. Soft robot
morphology, however, need not be static. It can be defined
by a combination of discrete and continuous morphology-
change activation parameters. Inspired by many works on
adaptive morphology, for instance [2], [22], [27], we adopt
a paradigm in which the nominal geometry is set by discrete
parameters, but can be shifted online through continuous
actuation. This transformation does more than alter the
robot’s appearance, but it changes mechanical characteristics
such as stiffness, which in turn are sensed and fed back
to the controller. Such a design philosophy reframes the
soft body as an actively transformable medium. Rather than
being a fixed constraint, morphology becomes a resource for
adaptation, potentially giving rise to robust and unexpected
behaviors that go beyond traditional engineering intuition.

III. PROBLEM DESCRIPTION
A. Investigation Scenario

The proof-of-concept setup for our framework is illustrated
in Fig. la. A soft beam, implemented with our whisker-like
tactile sensor [2], [27], [28], is fixed at its proximal end to a
rotary base. The base sets the rotation angle, denoted by 6.
The distal end of the beam makes contact with a horizontally
flat vibrating plate characterized by oscillation amplitude
U and pulsation w, serving as an analogue to a robot leg
interacting with the ground. The beam is initially positioned
at an inclination angle « relative to the plate. When the
plate vibrates, the beam undergoes contact reactions that can
bend the body. We denote this contact force as F and refer
specifically to its vertical component, F', since it dominates
the interaction.
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The control objective is to regulate F' toward a prescribed
target F; by adjusting 6 through a feedback policy. Perfor-
mance is evaluated by measuring how well F' tracks F;. A
tolerance band of 20% is enforced, and deviations outside
this range incur an additional penalty (the exact weighting is
specified later). In short, the aim is to develop a policy for 6
that keeps |F — F;| as small as possible while maintaining
stability within the tolerance band.

The soft beam itself is constructed as a cone-shaped
elastomeric bar. Its larger end houses one or more pneumatic
chambers that can be pressurized to locally alter morphology
and compliance. In this study, we focus on axial strain € as
the proprioceptive signal driving feedback control. To ensure
axial strain dominates, inextensible fibers are helically wound
around the chamber region. This reinforcement permits axial
elongation while constraining radial expansion. The resulting
strain measurements are fed back to the controller regulating
0, thereby closing the loop and capturing the morphology-
dependent dynamics of the system.

B. Geometry Parameterization

The soft whisker’s geometry is parameterized by two
categories of variables: (i) discrete structural variables, which
define the nominal morphology of the chamber region;
and (ii) continuous actuation variables, which modulate this
morphology during operation. Following [27], we consider
three discrete parameters: the number of chambers n € 1, 2;
the chamber length [ € [20,40] mm in increments of 2 mm;
and the wall thickness w € [2,4] mm in increments of 0.5
mm. Taken together, these choices yield a finite design set of
110 unique configurations, indexed as j € J = [1...110].
Additional details of the whisker’s geometry are provided in
[27].

For each discrete design j = n,l,w, the local chamber
morphology can be actuated by internal pressures p = p1, po,
each bounded within [0, 20] kPa. Independent control of p;
and p- is possible when n = 2, while in the case of n =1,
p2 is set to zero. The full design vector is therefore d = j, p,
where d € D defines the overall design space. Adjusting p
reshapes compliance and geometry, resulting in an adaptive
morphology relative to the nominal configuration j. Alterna-
tive parameterizations are also possible. For instance, [ and w
could be treated as continuous variables within manufactur-
ing tolerances [27], or conversely, p could be discretized to
reduce computational load. Such flexibility does not change
the generality of the framework but allows the formulation to
adapt to different experimental or computational constraints.

1V. METHODOLOGY
A. MDP Formulation and Learning Environment Setup

The co-optimization problem can be formulated as a
Markov decision process (MDP) which is mathematically
represented by M = (S, A, P,R), where S is the state
space, A is the action space, P is the transition function
P:seSxaeAxs €8 —[0,1], where s and s’ are the
current state and the next state, respectively, R is the reward
function.

We define s = {4, p, €}. By treating morphology {3, p} as
an observed variable, the policy mg adapts its control law
to the body’s instantaneous configuration and its coupled
dynamics (reflected by mechanical strain €), rather than
relying solely on long-horizon reward signals. Each state
variable is normalized to the range [—1,1] using min—max
scaling, with reference values determined in simulation. The
action a is a continuous command subjected to the range
[—1, 1], representing a normalized rotation command. The
actual rotation for the next step is computed as: Af = a -
Omazs where 0,4, = {5 rad denotes the maximum allowable
rotation angle in this work.

The reward R is designed to encourage the agent to
maintain the contact force F' close to the target Fj. It is
composed of three terms: a force-tracking reward ry, a
smoothness penalty rsmoom, and a flip-direction penalty 7g;p.
The first term is given by a raised cosine function when F
is within the tolerance band:

rr =1[0.5- (14 cos(md))]",

|F—F,| (D
0.2F,

where § =

Otherwise, ry = 0. Equation 1 acts as a smooth, symmetric
shaping function centered at Fj. The reward attains its
maximum when F' = F} and decreases gradually toward zero
as I’ approaches the tolerance boundaries. The coefficient
controls the steepness of this decay. In this work, we chose
K = 1.5 to produce a sharper peak at I} to encourage precise
control. First penalty element is calculated as follows:

M’ )

Tsmooth = Wsmooth * )
max

where Wgmooth = 0.05. This function provides the reduction
in reward due to large rotation increments A relative to the
maximum allowable increment 6,,,,,.. Another penalty term
is applied when the rotation direction changes sign between
consecutive steps.

Trlip = Weip - 1 [sign(Afy;) # sign(Ad;—1)],  (3)

where wy;;, = 0.1. Additionally, two termination conditions
are enforced: (i) loss of ground contact, and (ii) excessive
bending leading to buckling, both triggered by extreme 6
values. The final form of reward calculation function is: R =

Tt — Tsmooth — T flip-
B. Co-optimization Framework

Instead of training a separate controller for every design,
we are inspired by the idea in [25] that treats co-optimization
as learning a design-conditioned policy mg(a|s,d), ie.,
ma(- | 8) :=mg(- | s,d) for brevity. Alongside this policy,
we learn a distribution over designs g¢,(d). Each design
d € D induces a specific MDP, My = (S4, A4, P4, R).
Our objective is to maximize expected return over the
design distribution while encouraging exploration with an
entropy regularizer. The optimal pair of controller and de-
sign, {7}, d*}, is obtained by solving:

d* mhe = max Eqng, [J(mo; Ma)l +7H(qe), (4

12516



Algorithm 1 Co-optimization of Design and Control

Input: Design space D, design distribution g horizon T,
batch size 1, PPO & sim hparams
Output: d* = {j*,p*} and policy 7.
1: Init Q¢(60,R0,/J,(),E()); t< 0,k 0
2: while ¢ < T do

3: Sample {dkz {]k iy Pk, z}} =1 with ]k:z ~ qs;scv
Pri~ay™ (| Jri)

4: Deploy for tgeploy, collect transitions; update ¢ with
PPO

5: Collect Rq, = {Rg, ,}: update g4 via Alg. 2
t(—t-f—wtdeploy; k+k+1
7: end while

=3

where J = E., [>,7'R] is objective function, 7 > 0
controls the exploration capability of the design space, and
H(gy) refers to the entropy of the design distribution space.

Intuitively, g4 starts out broad, sampling across diverse
morphologies. Over the simulation time, it is annealed,
gradually concentrating probability mass on higher-return de-
signs, while the policy adapts to specialize in those regions.
In practice, at each episode 1/ design samples are drawn and
evaluated in parallel for data collection. Once v designs have
been explored, g, is updated to reflect their outcomes. More
specifically, the training process for 7" number of steps will
be divided into three phases:

1) Exploration (0 < t < Ty). T is set to encourage a
nearly uniform g4, so designs are drawn from a wide
pool.

2) Transition (T1 <t < T3). q4 is gradually reweighted
toward designs with higher returns under the current
policy. At the same time, 7y is updated on increasingly
promising subsets of designs.

3) Exploitation (15 <t < T). The distribution collapses
to a top-performing design d*, and the controller is
fine-tuned exclusively on Mg~ to produce 7);..

This hierarchical schedule allows ¢4 guiding sampling
toward high-performing morphologies while my acquires
competence that transfers across related designs, ultimately
yielding a specialized controller for the selected design.
Algorithm 1 summarizes the workflow of the proposed
method.

C. Distribution Modeling and Update Strategy

This section details how the design distribution g is mod-
eled and updated based on performance across generations.
Because the design space D is heterogeneous—containing
both discrete and continuous variables—the main challenge
is to capture correlations among them without making the
model intractable. To simplify, we factorize g4 into two
components: qd”‘: and qw”t corresponding to discrete and
continuous Varlables respectively. Updates are synchronized
with the evaluation of fixed-size batches of sampled designs.
Each component is updated independently. We define k as
the number of distribution updates performed during training.

To achieve this heterogeneous nature, our strategy is first
to create a subspace for discrete design parameters G as a
categorical (Gibbs) distribution qgisc. As suggested in [25],
it is efficient to control the pressure distribution across the
categories by setting the logits z = SR, into the Softmax
function.

. egﬁ(j)
q6(j) = m ) ®)
J

where [ is the inverse temperature and R is reward-driven
score reflecting the performance of design j. Manipulating
B controls exploration: 8 = 0 yields a nearly uniform
distribution (exploration), while large 5 sharpens the focus
on high-return designs (exploitation) as introduced in Section
IV-B. To updilte thisAdistribution model, we substitute R in
Eq. 5 with R = [RU)], as the set of categorical reward
scalars corresponding to the discrete design space. In the
Exploration stage, RU is defined as the best accumulated
reward observed for design j. During Transition, it becomes
a moving average (computed with RMS) over a rolling buffer
of recent returns Ry. This history-aware approach prevents
the algorithm from discarding potentially strong designs due
to short-term noise.

Next, a multivariate normal distribution for the contin-
uous correlated pressures p, conditioned by the discrete
choice, ¢3°™" (p | j) is built up. We modeled ¢5™* (p | j) =
N (p; p9), %)) which is characterized by mean variables

pld) = [ugj ) ng )] and corresponding covariances

(4) ()
. > > N
() _ 11 21 — r@ T

where £0) is the Cholesky factor ensuring positive defi-
niteness. An issue arises when the number of chambers is
n = 1. Setting py = 0 is straightforward, but the off-diagonal
covariance terms Z( ) and Zéjl) may still couple p; and ps.
To properly decouple them, we explicitly zero out these off-
diagonal entries whenever n = 1. Initially, the continuous
distribution is initialized to have random means and high
variance, i.e., high entropy. During Exploration, the design
distribution remains uniform while the policy is updated.
As training progresses toward Exploitation, qu"“t is updated
based on the observed rewards for each design d = (4, p).
In details, each sampled design d = [j, p] with the earned
reward Rg, the expected mean and the covariance matrix at
the k 4 1 update are computed by:

nips =+ (Rz(f) - bz(f)) Vo log 43" (j)

= +a (B =) (p) — ) ™
Sl =20+ (B = b)) Vo log g™ ()

=5 +a (RY o) [(0() — 1) (00) — )"

_ E;Cj)}, (8)
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where bg ) is a baseline return for variance reduction. In
this sense, the term Rl(j ) _ bl(f ) thus acts like an advantage
estimate, emphasizing updates for designs performing above
their expected baseline while down-weighting weaker ones.
After being used for Eq. 7 and 8, b) will be updated for
the next update k£ + 1 as follows:

bl = (1= )b + Ry, ©)

where ¢ controls how quickly the baseline tracks new
rewards. Besides, « is a constant coefficient defining how
strong one sample d with the advantage R,(g ) —bfj ) affect the
mean ,ugll and the covariance E,(jll. In our implementation,

we set « = 0.1 and ¢ = 0.05.

Algorithm 2 Update Method for Design Distribution
Th, T3;

Input: dk:{dkvi}?zl/,\ Ra,, o o, state
By ks Xk y by, Ry, RMS
Output: 51, Ryy1, pet1 and Xppq
1: for dk,z’ € di do
2: j < index(dg,;), p€ R2, R« Rq, ,
3: UPDATERMS (j, 7puf fer, R) > update running stats
via reward buffer

4 if t <7} thAen

5 if R > RY then

6: R((f )« R > best-so-far

7 ,ukj) — o, E,(j) — X > no update

8 end if

9 else Aif T <t< Tg then

10: R,(j )« RMSY) mean assign running mean

R_ b9
11: —k > normalize advantage
 RMSY) std ‘

12: ,u,(jll — ,u,(c]) +aA(p— ug)) > Equation 7

13: IS - sy
aAllp— ué‘j))(p — ,u,(cj))T — Z,(Cj) > Equation 8

14: if p2(j;)=0 then zero Z(ljz and Eé? end if ©»
Single-chamber case

15: end if

16: go(j | t) < softmax; (3(t) RY)
7 b e (-9t 4 eR
18: end for

V. EXPERIMENT AND RESULTS
A. Simulation and RL Environment

This section briefly introduces the simulation-based rein-
forcement learning environment in which all samples are
modeled and deployed. The dynamics model of the soft
leg is constructed in SOFA' - a multi-physics engine based
on Finite Element Method (FEM). We adopted a linear
constitutive model for the elastic material, which is governed
by Young’s modulus (£) and Poisson’s ratio v). To deal

!'Simulation Open Framework Architecture: www.sofa-framework.org

with the large deformation state of the soft body, a co-
rotational FEM formulation is applied [29]. The generic
dynamic equation is shown below:

Mx = —dt?K(x4_1)%x + P+ F(x¢_1) +dtIJTX,  (10)

where M is the inertia matrix, x elements nodes, K =
% is the stiffness matrix, P is known external forces
(e.g., gravity), I is internal force and J” X is a vector that
gathers constraint forces such as contact force, pressure or
motor actuation forces.

To capture the effect of inextensible fibers, we follow the
method introduced in [30], where each fiber is discretized
into a chain of springs with specified stiffness. The number
of springs is chosen to balance two objectives: providing suf-
ficient constraint on radial expansion and keeping computa-
tional cost manageable. Both the nominal chamber geometry
and the embedded fibers are meshed in GMSH before being
imported into the SOFA simulation environment.

For reinforcement learning, we integrate the simulation
with the SOFAGym package [31], which connects SOFA
to the OpenAl Gym interface. In this study, we employ
the Proximal Policy Optimization (PPO) algorithm, though
our framework is not restricted to this specific choice.
Each training episode runs for 250 simulation steps. A
single control action is held constant over 5 steps, so each
episode produces 50 reward evaluations. The controller 7,
is parameterized by a multilayer perceptron (MLP). The
main PPO hyperparameters and SOFA simulation settings
are summarized in Table I and Table II. Material parameters
such as Young’s modulus and Poisson’s ratio are tuned based
on estimates from [29], ensuring both realism and numerical
stability. To highlight the algorithmic aspects of our method,
we assume frictionless contact at the leg tip, which simplifies
interaction dynamics during training.

Hyperparameter Value
Total timesteps 1 million
Learning rate 0.003
Number of steps 50
Batch size 256
Number of epochs 10
Discount factor (vy) 0.99
Clipping range 0.2
Entropy coefficient 0.01
Value function coefficient 0.6
Max gradient norm 0.5
Target KL 0.02
Number of sampled designs required to trigger up- 40
dating

The batch size of sampled designs used for update 40
Entropy linear decay start 220K
Entropy linear decay end 800K
Policy network () [512,512,512]
Optimizer Adam

TABLE I: PPO Hyper-parameters for Co-optimization Algo-
rithm

B. Results

Figure 2a summarizes the training progress of the pro-
posed co-optimization framework. The histogram shows the
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Hyperparameter Value
Gravity 9800 mN
Young’s modulus 500 kPa
Poisson ratio 0.4
Friction coefficient  Frictionless
Body mass 20g

TABLE II: SOFA Modeling Parameters

reward distribution of designs sampled from gy, overlaid
with a moving-average reward curve (red, window size 100)
and a top-score curve (blue), which tracks the best reward
achieved up to each time step ¢. Table III reports the optimal
design d* identified in the Exploitation phase, along with
a comparable competitor d°°"*P (the second-most dominant
design). These designs correspond to discrete indices j = 21
and j = 63, denoted as jo; and jg3, respectively. Figure 2b
further illustrates the evolution of the mean 7 and standard
deviation o1 of the continuous parameter for d*, mapped
back from the latent covariance domain to the physical
actuation space. Since d* is a single-chamber design, only
11 and o are displayed.

At the Exploration stage (0 < t < 220K steps), the
design distribution exported candidates nearly uniformly.
Despite almost half of these designs yielding zero reward,
overall performance improved steadily. This is likely due to
structural similarities among candidates, which enabled the
controller to generalize across them. improvements continued
but became increasingly concentrated on high-performing
designs. Importantly, optimization did not stall at a local
optimum such as jgz. Although qgi“ placed strong sam-
pling pressure on jg3 during the middle of training, joi
consistently gained momentum and eventually overtook it
at step 558.1K, as shown by the dashed yellow trajectory in
Fig. 2a. This shift is further supported by Fig. 3a, which
visualizes the reward distributions: jo; exhibited tighter,
more consistent performance, while jg3 remained broader
and less stable. Meanwhile, the continuous parameters of
d* converged quickly (Fig. 2b), demonstrating both the
efficiency of Algorithm 2 and the robustness of the hybrid
distribution update.

Continuous values [kPa]
p* ={0.069,0}
pe3 = {0.0078,0.0125}

Design | Discrete values [mm]
d* 7* = jo1 = {1,282.5mm}
de°om?P | jez = {2,22mm, 3.5 mm}

TABLE II: Top performers

Another key observation is the gradual shift of 75 from a
generalized controller, effective across a wide set of designs,
toward a specialized policy tuned for d*. This transition is
evident in the narrowing gap between the mean reward and
the best-performing design (the shaded region in Fig. 2a).
Early in training, 74 had to accommodate designs sampled
from the entire gy, resulting in high variance. Later, as g
concentrated on promising candidates, the variance shrank,
indicating policy specialization.

To evaluate the importance of proprioceptive feedback and
design diversity, we compared the main framework against

—— Highest scores over time
5] — Average-running reward
Reward progression of j* _ _

Jos

Normalized Density

=)
o

200 400 600 800 1000
Training Step x10°
(a) Reward histogram during training, showing the highest scores (blue), run-
ning average (red, window = 100), and narrowing gap that reflects increasing
specialization of 7y, dashed yellow line explicitly denotes the progress of the
discrete set jo1.

G,)
0.1 —— Mean u:
Deviation ¢~/
= 0.08
=¥
&
=4
= 0.06
2 0.069 kPa
2
-9}
0.04
200 400 600 800 1000
Training Step x10*
(b) Convergence of qg""t to the feasible value.
0 0
. —— Feedback with co-opt
25 J 2 25| — No-feedback with co-o
Jos —— Single-design,
20 20
T ]
g 15 % 15
-4 e

250 500 750 1000 250 500 750 1000
Training Step x10* Training Step x10*

(c) Reward distributions of the two
top-performing nominal structures,
J21 and jes.

(d) Comparison of training schemes
in terms of average reward progres-
sion.

Fig. 2: Experiment results.

two baselines: 1) No-feedback - where mechanical strain €
and morphology information were excluded from the state;
2) Single-design - where training was limited to the final
optimal design d*. All training settings, including network
architecture and hyperparameters, remain the same as in our
experiment. Figure 3b presents the running-average rewards.
In the No-feedback case, the policy failed to adapt to different
dynamics, producing nearly flat reward curves (blue). The
Single-design case showed strong improvement (green), even
surpassing the full design-space run at intermediate stages,
since the controller trained exclusively on one morphology.
However, by the end of training, performance converged
closely with the main framework, indicating that shared
representations in 7; allowed knowledge transfer across
designs without loss of final performance.

The efficiency of the optimal control-design pair {7} ,d*}
was validated against d°°”*P and its best controller. Fig-
ure 3 plots the resulting reaction forces over 50 testing
steps, covering two oscillation cycles of the vibrating plate.
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Optimal Design d" Comparable Design d“”
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(a) Best design d* demo.

Fig. 3: Performance of optimal design d* and its comparable
contestant d°°*? under control of ;..

Both prototypes required initial contact settling, after which
control governed the interaction. Although both designs
maintained F’ within (i.e., 20% of F}), d°°™? showed greater
fluctuations and drift toward tolerance boundaries. In con-
trast, 7. tightly regulated F' within the bounds, even during
transitions between vibration cycles. This resilience reflects
stronger morphology—control synergy. Overall, the optimal
pair {7}.,d*} achieved a much higher accumulated reward
(28.76 vs. 20.99), confirming its superiority over d“°"*P. The
two demonstrations can be reviewed in the Supplementary
Video.

VI. CONCLUSION

This work introduced the first co-design framework for
soft robots aimed at executing complex tasks that strongly
benefit from feedback-driven control. A central idea was the
use of actively variable morphology, which adjusts proprio-
ceptive signals in real time to support optimal and adaptive
robot behaviors. By representing these variations as contin-
uous parameters within the design space, we constructed
a hybrid formulation: discrete variables define the nomi-
nal robot structure, while continuous variables capture its
transformable states. Under this paradigm, a single nominal
structure can expand its task horizon by switching between
morphological states, thereby improving adaptability.

To identify the optimal control-design pair {7}.,d*}, we
trained a design-conditioned control policy 74 with PPO
reinforcement learning across the full distribution space.
We then proposed an update strategy for both discrete
and continuous domains to shift the distribution toward
regions of higher reward density. As training progressed, the
controller and design co-evolved, converging to an optimal
solution without any external supervision. Our evaluations
confirmed that the framework consistently discovered the
best-performing design—control pair, while training without
morphology-driven feedback failed to achieve comparable
outcomes. Both quantitative results and behavioral demon-
strations validated the effectiveness of the learned {7}.,d*}.

Despite these contributions, several challenges and open
questions remain. First, our results are limited to simulation,
and transferring the approach to hardware is a non-trivial
step. Issues such as imperfect material modeling, frictional
inconsistencies, and other sim-to-real gaps must be addressed

(b) Comparable design d°°™P demo.

before real-world deployment. Second, while our update
rule for continuous parameters proved effective here, its
scalability to higher-dimensional and wider expand mor-
phologies is uncertain. The covariant nature and nonlinear
dynamics of soft bodies may still lead optimization into
local minima. More expressive models, such as mixtures of
multivariate distributions, may help maintain exploration and
avoid premature convergence. Furthermore, we also plan to
implement this framework for other soft robotic applications
with the primary aim of enhancing their resilience to critical
conditions, such as physical damage.
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