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Abstract

Kirigami transforms stiff sheets into compliant, shape-morphing structures, via
periodic cut patterns. These repeating motifs rotate with stretch, so that exten-
sion in general leads to shear, and anisotropic properties cannot be tuned
independently. Biological tissues evade this through controlled disorder, such
as graded fiber orientations in skin and hierarchical anisotropy in myocardium.
Here, we show that engineered disorder is tunable design degree of freedom:
stochastic kirigami accesses a continuous and far broader region of mechanical
response than periodic patterns, including programmable anisotropy with near-
complete suppression of extension–shear coupling. Because disordered patterns
lack a simple parameterization, we navigate this space with a geometry-aware
graph neural network (GNN) that maps cut topology to full nonlinear, bidirec-
tional stress–strain response, coupled to a genetic algorithm for inverse design of
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kirigami patterns that reproduce target stress–strain responses in two perpen-
dicular loading directions. The GNN is trained an order of magnitude faster and
more accurately than image-based models. Fabricated elastomer samples repro-
duce the targeted nonlinear, anisotropic responses, closing the loop from design
to physical component. By turning disorder into a control axis for directional
stiffness, this work points toward architected materials that stretch without para-
sitic shear, enabling tissue-interfacing devices matched to the anisotropy of living
tissue.

Keywords: Stochastic kirigami metamaterials, Inverse design, Bio-inspired materials,
Surrogate modeling, Graph neural networks
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1 Introduction

The patterning of a thin sheet with kirigami arrays of cuts has become one of the most

versatile routes to mechanical metamaterials, materials whose properties arise from

architecture rather than composition [1–5]. By transforming stiff, inextensible sub-

strates into compliant, stretchable, and shape-morphing structures [6], strategically

placed incisions [7, 8] have enabled advances that depend on large, reversible defor-

mation: stretchable electronics [9], conformal bioelectronics [10], and tissue-interfacing

devices [11] that must move with the soft, anisotropic tissues they contact. How-

ever, almost all of these designs share a single structural assumption, namely that the

cuts repeat in a periodic or symmetric pattern. This regularity simplifies fabrication

and analysis, but, as we show here, it is not a neutral choice: periodicity imposes a

kinematic constraint that fundamentally limits the mechanical behavior kirigami can

achieve.

The source of this fundamental limit on the properties of kirigami materials is

the repeating motif itself. In a periodic kirigami sheet, identical unit cells rotate in

a correlated fashion under load, so that stretching along one axis drives a coordi-

nated, biased shear and locks the in-plane anisotropy onto a narrow, discrete envelope

of stiffness ratios. These properties can be traded against one another but not set

independently [12]. Biological tissues meet the same mechanical demands, but have

evolved to escape this constraint, because they are built from architectures defined

not by periodicity but by controlled disorder [13–15]. Heterogeneous collagen fiber

orientations give skin its direction-dependent compliance, the basis of Langer lines

[16]; hierarchically organized cardiomyocyte bundles and perimysial collagen sheets

endow myocardium with its orthotropic response [17]; and disordered fibrillar networks

achieve coordination-dependent strain stiffening [18]. In each, heterogeneity and aperi-

odicity, typically avoided in engineering materials, become functional design elements

that deliver mechanical performance unreachable by regular architectures.

We therefore hypothesized that disorder could play the same role in engineered

kirigami, if it could be controlled and deliberately designed. Recent work supports

the premise. Chen et al. established the topological foundations of random cut net-

works, deriving percolation thresholds and showing that stochastic patterns furnish

degrees of freedom unavailable to deterministic ones [19], while Chaudhary et al.

characterized the mechanics of randomly cut sheets across deformation regimes [20].

More broadly, disorder has been shown to enhance fracture toughness [21], relax the

strength-toughness trade-off [22], and generate auxetic behavior through selective net-

work pruning [23]. The obstacle is therefore not whether disorder is useful but whether
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it can be harnessed: the design space of aperiodic cut patterns is combinatorially

vast and, unlike the low-dimensional parameterizations that make periodic lattices

tractable, admits no simple description by which it could be searched systematically.

We explored a data-driven modeling approach to enable this. Machine-learning

surrogates can learn structure-property relationships from simulation and evaluate

candidate designs fast enough to operate inside an optimization loop [6, 24–27]. For

architectures whose behavior is governed by connectivity rather than absolute posi-

tion, the representation is critical: convolutional neural networks operate on pixelated

images that blur topological structure, whereas graph neural networks (GNNs) encode

cuts and their interactions directly as nodes and edges [28, 29]. This advantage is well-

documented for polycrystalline microstructures [30] and truss lattices [31–33], and

GNN surrogates have been coupled with genetic, Bayesian, and differentiable optimiz-

ers to inverse-design metamaterials with prescribed nonlinear responses [24, 33, 34].

However, no such framework has been built for kirigami, despite the natural corre-

spondence between cut patterns and graphs. The potential is high: state-of-the-art

generative models violate kirigami’s geometric placement constraints so frequently

that their success rates fall below 25% [35]. A geometry-aware surrogate thus holds

potential to render the disordered design space navigable.

Finite-element analysis revealed that randomizing cut orientation and placement

breaks the correlated rotations that constrain periodic kirigami: the biased shear that

periodic motifs concentrate along preferred directions is instead distributed and self-

cancelling, leaving near-zero net shear at the boundaries even under 100% uniaxial

strain (Fig. 1). Stochastic kirigami can therefore be designed to extend with almost

no parasitic shear, decoupling extension from shear, a pairing essentially inaccessible

to periodic patterns. Because global behavior no longer follows from a single repeating

motif, anisotropy becomes a continuously tunable property set by the statistics of cut

orientation and spacing, opening a far broader and smoother region of mechanical

response than periodic architectures can reach.

To turn this principle into a design capability, we developed a framework for

forward prediction and inverse design of stochastic kirigami with programmable

anisotropy. We generated 3,600 finite-element simulations spanning random cut ori-

entations, lengths, and spatial distributions and trained a GNN surrogate to predict

the full nonlinear stress-strain response under bidirectional loading (Fig. 2). The sur-

rogate reaches a mean absolute percentage error of roughly 3.5%, well below a CNN

baseline, while training an order of magnitude faster, and we embed it in a genetic algo-

rithm that searches the stochastic cut parameters for patterns matching user-specified
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mechanical targets. Fabricating the optimized designs in silicone elastomer and test-

ing them under uniaxial tension, we find close agreement among target, predicted, and

measured responses, validating the complete pipeline from digital design to physical

part. Together, these results establish controlled disorder as a programmable degree

of freedom for architected materials. When, paired with geometry-aware learning, this

yields anisotropic mechanical behavior beyond the reach of periodic design and points

toward soft actuators, stretchable electronics, and tissue-interfacing devices such as

cardiac patches and skin scaffolds engineered to match the directional mechanics of

living tissue.

2 Results

2.1 Stochastic disorder decouples extension from shear

To explore how cut architecture governs the mechanical behavior of kirigami, we com-

pared three representative designs: a periodic kirigami with parallel cuts, a stochastic

design with randomly oriented cuts that produces nearly isotropic behavior (iso-

kirigami), and a stochastic design with a preferred cut orientation that generates

directional stiffness (aniso-kirigami) (Fig. 1A). Representative sheets from each class

were subjected to uniaxial stretching in both the x and y directions, and the cor-

responding stress–strain responses were determined by finite element simulations.

The results demonstrate that both the type of cut pattern and the distribution of

cut orientations provide effective means to tune the nonlinear stress–strain response

in each loading direction, enabling responses that range from strongly anisotropic

to nearly isotropic. Interestingly, nearly identical stress-strain curves in the x and

y directions can be achieved by either stochastic iso-kirigami or periodic kirigami

with parallel cuts oriented at 45° (Fig. 1B). Although these two architectures exhibit

similarly isotropic tensile responses, they differ fundamentally in how they deform,

revealing that comparable stress–strain behavior does not necessarily imply equivalent

mechanics.

The most consequential effect of disorder appears in the shear response. In peri-

odic kirigami, the correlated panel rotations generate a coherent, spatially localized

shear band, whereas stochastic patterns produce regions of positive and negative shear

that are interspersed throughout the sheet and cancel on average (Fig. 1C,D). This

local cancellation has a direct macroscopic signature: at 100% strain, the shear trac-

tion along the loaded boundary is near zero for stochastic designs but substantial for

periodic ones (Fig. 1E), and the corresponding normalized boundary reaction forces
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remain negligible for stochastic architectures while periodic designs retain a persistent

directional bias (Fig. 1F). Across the field, the distribution of local shear stress is sym-

metric about zero for stochastic patterns but skewed for periodic ones (Fig. 1G,H).

Together, these results show that a stochastic sheet can be stretched along one axis

while developing essentially no net shear, a decoupling of extension from shear that

the kinematic constraints of a periodic motif preclude.

This behavior has two implications for design. First, it grants access to mechanical

responses that are difficult to obtain from periodic systems, such as the combination

of large extensibility with near-zero net shear. Second, because the global response no

longer derives from a single repeating unit, anisotropy becomes a quantity that can be

tuned continuously through the statistics of cut orientation and spacing rather than

selected from a discrete set of motifs. In effect, disorder averages local stress states

instead of amplifying them, yielding a more balanced response at the scale of the

whole sheet. What disorder does not provide is a simple description of how a given cut

pattern maps to this behavior: unlike periodic lattices, stochastic architectures have

no low-dimensional parameterization through which a target response can be located.

We therefore turned to a data-driven surrogate to make this expanded design space

navigable.

2.2 A graph neural network learns the structure-property

map of disordered kirigami

A surrogate able to stand in for finite element simulation inside an optimization loop

would render this space searchable, if it could learn the geometry-to-mechanics map

both accurately and cheaply. We built such a surrogate as a graph neural network

(GNN), choosing its representation to match the physics of the problem (Fig. 3A).

Each design was converted into a node-edge graph that encodes the cuts and their

geometric connectivity, so that the cut interactions and deformation-relevant structure

governing the response are represented directly (See Materials and Methods). This

is the information that is blurred or discarded when a pattern is rasterized into a

pixel image and processed by a convolutional neural network (CNN). From this graph

alone, the trained GNN predicts the full nonlinear stress-strain curve in both the x

and y directions.

Test accuracy improved as the training set grew from 250 to 5,000 geometries

and plateaued beyond roughly 3,500 (Fig. 3B); we therefore trained on 3,600 finite

element simulations, which met our target of below 5% error. Training was stable, with

training and test losses decaying smoothly and in step, indicating strong generalization
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and negligible overfitting across the diverse stochastic geometries (Fig. 3C). A direct

comparison confirmed that the graph representation is the better choice on both of

the axes that matter for an in-loop surrogate (Fig. 3D): trained on the same data, the

GNN reached a lower error than the CNN (mean absolute percentage error, MAPE,

of 3.50 ± 0.24% versus 5.42 ± 0.58%, p < 0.01) while training roughly fifteen times

faster (13.3± 0.5 versus 204.7± 0.1 min, p < 0.001), avoiding the heavy convolutional

processing that high-resolution pattern images demand.

The surrogate reproduced the response of held-out designs with high fidelity, track-

ing the ground-truth finite element curves in both loading directions across patterns

of widely varying geometry, with MAPE below 3.5% in every case (Fig. 4). Narrow

variability across seven independently trained GNNs indicates that this accuracy is

robust to initialization rather than the product of a single fortuitous fit. With a fast,

accurate, and reliable map from geometry to mechanical response in hand, we turned

to inverting the design problem.

2.3 Surrogate-guided optimization discovers patterns

matching prescribed targets

Inverse design reverses the forward map: instead of predicting the response of a given

pattern, we prescribe a target response and search for a disordered geometry that pro-

duces it. We embedded the trained GNN in a genetic algorithm (GA) that takes target

stress-strain curves in both the x and y directions and evolves a population of candi-

date designs toward them (Fig. 5A). To ensure each target lay within the achievable

response space, we constructed it by blending three curves drawn from the training

set. The GA operated not on individual cut placements but on the parametric descrip-

tion of the disorder: the orientation ranges, spacing, and density that set the statistics

of the cut field. Thus, at each generation it mutates and recombines these parameters,

generates the corresponding pattern, and scores the GNN-predicted response against

the target, continuing until the best candidate’s predicted MAPE falls below 5% or a

maximum of 20 generations is reached (Materials and Methods).

Because the surrogate returns each evaluation in a fraction of the time a finite

element solve would take, the GA can explore a large design space and converge

on geometries whose predicted responses closely track the prescribed targets in both

loading directions (Fig. 5A). Searching over the statistics of the cut field rather than

placing individual cuts carries a further benefit: every candidate the GA proposes is, by

construction, a physically valid pattern, so the search never wastes effort on infeasible
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geometries. To confirm that these predicted matches survive the passage from digital

design to physical part, we fabricated and tested the optimized structures.

2.4 Fabricated samples confirm the predicted responses

Inverse molds of the four optimized designs were 3D-printed, filled with a soft silicone

elastomer (Ecoflex 00-30, Smooth-On), cured at room temperature, and demolded;

the resulting specimens were loaded in uniaxial tension to measure their stress-strain

response (Fig. 5B). For all four samples, the measured curves agreed with both the

surrogate prediction and the target in each loading direction, reproducing the same

nonlinear trends and direction-dependent anisotropy (Fig. 5C-F).

The agreement extended beyond the bulk response to the deformation itself: at

100% strain, the deformed shapes observed experimentally matched those predicted

by the finite element model, shown alongside the corresponding fields of maximum

principal stress (insets, Fig. 5C-F). The minor deviations that remained are consistent

with fabrication tolerances and batch-to-batch variability in the elastomer, and do not

alter the agreement in trend or anisotropy. Taken together with results of the preceding

sections, these results close the loop from a prescribed target to a physically realized

part, confirming that a graph-neural-network surrogate coupled to evolutionary search

can design stochastic kirigami with specified anisotropic responses.

3 Discussion

3.1 Disorder-enabled design and geometry-aware learning

Results show that disorder need not be treated as a defect to be minimized, but

instead can serve as a design variable to be exploited [15]. Periodic architectures sam-

ple a restricted and discrete subspace of mechanical responses [36], whereas stochastic

kirigami access a broader and more continuous space, including the extension-shear

decoupling that periodic motifs cannot achieve. This expanded tunability echoes

settings in which randomness enhances fracture toughness [21] and relaxes strength-

toughness trade-offs [22]. It also parallels strategies by which biological tissues build

compliance [37, 38], toughness [13, 39], and directional stiffness [16, 18] from disordered

networks. Our framework offers a route to harness the same principles in engineered

systems.

Exploiting disorder this way was possible because the surrogate’s representation

matches the physics of the problem. Finite element results show that kirigami mechan-

ics are governed by how neighboring cuts interact, how panels rotate under constraint,
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and how deformation propagates through the network, all features that depend on

connectivity rather than absolute spatial position. By encoding cuts as nodes and

their interactions as edges, the GNN captures these governing mechanisms directly,

whereas image-based representations must infer them from pixelated geometry. This

alignment between representation and behavior accounts for both the higher accuracy

and the lower training cost, particularly for stochastic systems in which connectivity

varies from one realization to the next, and it is consistent with reports that graph

methods outperform grid-based ones for polycrystalline materials [30] and disordered

lattices [31]. The roughly fifteenfold reduction in training time (Fig. 3D) makes such

surrogates especially well suited to the iterative optimization that searching a large

stochastic design space demands.

3.2 Practical implications and future directions

The agreement among target, predicted, and measured stress-strain curves confirms

the practical value of the approach. The surrogate captures the geometric nonlinear-

ities essential to kirigami mechanics, and the genetic algorithm searches parametric

stochastic patterns rather than optimizing individual cut placements, sidestepping

the constraint violations that hamper generative approaches [35]. The framework

nonetheless has limits. It assumes planar, quasi-static loading and does not capture

out-of-plane buckling or inelastic behavior, and extrapolation beyond the training dis-

tribution remains unreliable, a shortcoming that physics-informed architectures may

help address [24].

Several extensions follow naturally. Uncertainty quantification would identify

designs that are robust to fabrication variability, which matters for biomedical

applications with patient-specific anatomy. Multi-objective optimization could bal-

ance anisotropic stiffness against porosity and stress concentration. Differentiable

surrogates [34] or reinforcement-learning policies [33] could speed convergence on

demanding inverse problems. Beyond kirigami, the methodology generalizes to any

architected material that lacks an analytical parameterization, including origami struc-

tures, lattice scaffolds, and network materials, all of which share the property that

response emerges from discrete elements and their connectivity. With suitable training

data, the same pipeline could design cardiac patches matched to myocardial orthotropy

[40], skin scaffolds reproducing the anisotropy of Langer lines [16], or conformable

sensors that retain function under multiaxial strain [41, 42].
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4 Conclusions

We have shown that controlled disorder is a design variable for kirigami metamaterials,

granting access to anisotropic responses beyond the reach of periodic architectures,

including the decoupling of extension from shear. Because disordered cut patterns lack

a simple parameterization, we made this space navigable with a geometry-aware graph

neural network that maps cut topology to the full nonlinear, bidirectional stress-strain

response far more efficiently than image-based models, coupled to a genetic algorithm

for inverse design. Fabricated elastomer samples matched their prescribed targets in

both loading directions, closing the loop from design to physical part. The approach

generalizes to any architected material whose response emerges from discrete elements

and their connectivity, establishing disorder, paired with geometry-aware learning, as

a programmable route to anisotropic mechanical function.

Materials and Methods

Training data generation from finite element simulations

Stochastic kirigami microstructures used for training data were generated automat-

ically through a custom Python script that constructs non-overlapping cut patterns

under predefined geometric constraints. The base domain was a 50 mm × 50 mm

rectangular shell. First, a total of 1,200 candidate center points were generated by

iterative rejection sampling to ensure a minimum point-point separation of 0.5 mm.

Each cut was modeled as a thin rectangular slit with a fixed width of 0.2 mm. The slit

length for each sample was drawn randomly between 2-7 mm. Slit orientations were

extracted from predefined angular ranges (e.g., 0-15°, 15-30°, 30-45°, or 0-360°) to con-

trol for directional deviations across different datasets. For each placement attempt,

the global coordinates of the slit were computed via rigid-body transformation and

evaluated using two geometric filters: (1) an exact segment-segment intersection test

against edges of all previously placed cuts, and (2) verification that the minimum

distance between the new slit and all existing slits exceeded 0.5 mm, computed via

bidirectional point-to-segment distance calculations. Cuts passing both criteria were

accepted until reaching 150 cuts per pattern. Once all cuts were accepted, the pattern

was applied to the base sheet through Boolean subtraction. The final kirigami part

was then meshed using S4R shell elements with a global mesh size of 0.25 mm. A mesh

convergence study was performed to confirm the adequacy of this resolution (Fig. A1).
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The material was modeled using a three-term Ogden hyperelastic model calibrated

from uniaxial tests of uncut Ecoflex 00-30 dogbone samples, with strain energy density

given by:

W =

3∑
i=1

µi

αi
(λαi

1 + λαi
2 + λαi

3 − 3) . (1)

The material parameters are given by µ1 = 1164.77 kPa, α1 = 0.03, µ2 = 5.31 kPa,

α2 = 3.48, and µ3 = 267.86 kPa, α3 = 0.03. The corresponding material fit is shown

in Fig. A2.

For mechanical loading of the cut sheets, one boundary of the sheet was fully con-

strained using fixed boundary conditions, while the opposite boundary was subjected

to a prescribed horizontal displacement corresponding to 100% engineering strain.

Reaction forces and displacements were recorded at the loaded boundary through-

out the simulation, generating the force-displacement curve in the horizontal direction

(x-direction). This same uniaxial stretching protocol was also performed in the per-

pendicular direction to obtain the force-displacement curve in the vertical direction

(y-direction). Each kirigami microstructure thus produced paired force–displacement

curves for both x and y loading directions, forming the complete training dataset for

the GNN surrogate model.

Graph neural network (GNN) surrogate for forward prediction

The forward surrogate model was implemented as a GNN designed to predict the

stress-strain response of a kirigami structure directly from its cut-network graph. Each

training sample comprised (i) a graph representation of the microstructure and (ii)

stress-strain curves in both the x- and y-loading directions. The graph representation

was extracted directly from the Abaqus input files by identifying the geometric points

defining each kirigami cut. Each extracted point was treated as a graph node, with its

in-plane coordinates (x,y) used as the node features. An undirected edge was assigned

between consecutive points belonging to the same cut, such that each cut was rep-

resented as a connected polyline and the complete kirigami pattern as the collection

of all cut subgraphs. For the datasets considered in this study, each graph contained

approximately 1,200 nodes and 1,050 edges. This graph representation preserves the

spatial arrangement and topology of the kirigami architecture, enabling the GNN to

learn the relationship between cut geometry and mechanical response. For each sam-

ple, both directional responses were linearly interpolated to 30 uniformly spaced strain
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levels, concatenated into a 60-dimensional stress vector, and normalized by its maxi-

mum absolute value. To enforce rotational consistency, every sample was paired with

an augmented version generated by rotating all node coordinates by 90° around the

origin while preserving edge connectivity, and by swapping the corresponding stress

vector. Following augmentation, the dataset was split into approximately 80% training

and 20% testing.

The GNN architecture follows a GCN-GAT-GCN message-passing sequence. The

first graph convolutional layer (GCNConv) maps the 2D node coordinates into a

128-dimensional latent space and aggregates information from local neighborhoods.

The second layer was a four-head graph attention module (GATConv) with non-

concatenated outputs, producing a 128-dimensional embedding. A third GCN layer

further propagates these attention-refined features across the graph, retaining a 128-

dimensional node of representation. Following the message-passing stages, a global

mean-pooling operation compresses all node embeddings into a single 128-dimensional

graph-level descriptor that summarizes the topology, spatial arrangement, and den-

sity of cuts. This descriptor was then processed by a multilayer perceptron consisting

of a fully connected layer reducing the dimensionality from 128 to 84 with a ReLU

activation, followed by a linear output layer that maps to the 60 components of the

resampled stress vector.

Model training proceeds for up to 2,000 epochs using the Adam optimizer with a

learning rate of 2×10−3 and a mean-squared-error (MSE) loss between predicted and

target vectors, using mini-batches of 64 graphs. After convergence, the trained weights

were saved to a standalone model file, yielding a fast and accurate surrogate capable

of mapping any input kirigami graph to its corresponding mechanical responses.

Genetic algorithm (GA) for inverse design

The inverse-design problem was formulated as a genetic algorithm (GA) that searches

over kirigami microstructure parameters, with the trained GNN surrogate replac-

ing computationally expensive FEM simulations during evaluation. Each individual

encodes a set of geometric and stochastic “genes,” including the random seed governing

cut placement, the minimum cut separation, cut thickness, bounds on cut height, and

the angular range that constrains allowable cut orientations. To promote systematic

exploration of orientation space, the population was partitioned into fixed orienta-

tion “buckets” (e.g., 0◦–15◦, 15◦–30◦, 30◦–45◦, and 0◦–360◦), with each population

member assigned to one bucket throughout evolution. This strategy prevents early
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convergence to a narrow subset of orientations and ensures that a broad spectrum of

anisotropic patterns is explored during optimization.

For each individual, an Abaqus/CAE script procedurally generates a non-

overlapping set of rectangular cuts within the base sheet using the prescribed gene

parameters. The script samples a constant cut height within the specified bounds,

enforces geometric constraints to prevent overlap, applies uniaxial loading boundary

conditions, and exports the mesh geometry as an Abaqus input file. The resulting

boundary coordinates are then parsed and clustered into a reduced cut-network graph,

which serves as input to the trained GNN surrogate.

During optimization, the surrogate predicts the 60-component stress vector for

each candidate design, and the predictions are compared with the target curves in both

loading directions. The fitness is defined as the weighted sum of direction-wise mean

squared error (MSE) values, with an additional aggregate MSE criterion used to filter

out poorly performing individuals. After evaluation, the best-performing designs are

archived, and the next generation is formed using tournament selection, crossover, and

constrained mutation applied within allowable gene ranges and orientation buckets.

When surrogate-predicted losses exceed a threshold, new random seeds are introduced

to enhance diversity and avoid entrapment in local minima. This surrogate-assisted GA

loop is iterated until convergence criteria are satisfied, defined by the best individual

achieving a mean absolute percentage error (MAPE) below 5%.

Experimental verification

Three-dimensional geometries with a uniform thickness of 2 mm were imported into

SolidWorks to generate corresponding inverse molds designed to accurately capture all

cut shapes and geometric features. The molds were fabricated using a high-resolution

3D printer (FormLabs 3, FormLabs, Massachusetts, US) to preserve fine pattern

details. Ecoflex-0030, a platinum-cured silicone elastomer with high stretchability and

compliance, was prepared by mixing its base (Part A) and curing agent (Part B)

at the 1:1 ratio, followed by vacuum degassing to remove trapped air bubbles. The

degassed mixture was slowly poured into the printed molds to ensure complete filling

of the patterned regions. The molds were left to cure at room temperature overnight

to allow full crosslinking of the elastomer. After curing, the cast samples were carefully

demolded to obtain the final patterned kirigami specimens. These specimens were then

mounted in a uniaxial testing machine (Model 5583, Instron, Massachusetts, US) and

subjected to tensile loading to characterize their mechanical responses for comparison

with surrogate predictions and target curves.
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Fig. 1 Stochastic disorder suppresses the extension-shear coupling intrinsic to periodic
kirigami, enabling balanced stress states that periodic patterns cannot reach. A, Repre-
sentative periodic and stochastic kirigami architectures. Periodic kirigami exhibits strong directional
stiffness, stochastic iso-kirigami produces nearly isotropic behavior, and stochastic aniso-kirigami
yields tailored stiffness asymmetry. Finite element simulations of uniaxial stretching in the x and y
directions illustrate the corresponding deformation fields, while the accompanying stress–strain curves
demonstrate that the mechanical response can be programmed through the cut architecture and ori-
entation distribution. B, Similar stress–strain responses in the x and y directions can be achieved
by either stochastic iso-kirigami or periodic kirigami with parallel cuts oriented at 45°. Despite their
nearly identical tensile responses, the two architectures exhibit fundamentally different deformation
mechanisms, motivating the comparison of their shear behavior. C, D, Local shear fields for rep-
resentative stochastic (C) and periodic (D) patterns. Stochastic cuts produce spatially interspersed
regions of positive and negative shear that cancel on average, whereas the periodic motif drives a
coherent, localized shear band. E, Shear traction along the loaded boundary at 100% strain is near
zero for stochastic designs but substantial for periodic designs, a direct signature of the absence or
presence of net extension-shear coupling. F, Normalized boundary reaction forces remain negligible
for stochastic architectures, consistent with cancellation of opposing shear contributions, whereas
periodic architectures retain a persistent directional bias. G, H, Distributions of local shear stress are
symmetric about zero for stochastic patterns (G) but skewed for periodic patterns (H), confirming
that the cancellation of shear in disordered designs is a robust statistical property of the field rather
than a feature of any single location.
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Fig. 2 A graph-neural-network surrogate and genetic-algorithm search form a closed
loop for inverse design of stochastic kirigami. Because disordered cut patterns lack a low-
dimensional parameterization, the framework instead learns the geometry-to-mechanics map from
data and inverts it through optimization. Stochastic kirigami with varied cut orientations and spatial
distributions produce a broad range of anisotropic stress-strain responses. A graph neural network
(GNN), trained on finite element data, maps each cut geometry to its full nonlinear response in both
loading directions, fast enough to evaluate the many candidate designs generated during optimiza-
tion. A genetic algorithm (GA) exploits this surrogate to search the space of stochastic patterns:
it iteratively mutates and recombines candidate designs and scores each prediction against a user-
specified target until a matching geometry is identified. By replacing direct simulation within the
optimization loop, the trained surrogate turns an otherwise intractable inverse problem into a rapid,
automated search.
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Fig. 3 A graph neural network surrogate predicts the nonlinear anisotropic response
of stochastic kirigami. A, Model pipeline: each kirigami pattern is converted into a node-edge
graph by extracting the geometric points from the ABAQUS input file. The extracted points form
the graph nodes, while undirected edges connect consecutive points along each cut, preserving the cut
geometry and topology. The graph neural network (GNN) maps this representation to the full stress-
strain response in both the x and y loading directions. B, Test-set mean absolute percentage error
(MAPE; mean ±1σ) falls as the training set grows and plateaus beyond roughly 3,500 geometries.
C, Training and test loss curves decay smoothly and together, indicating stable convergence and
negligible overfitting. D, Head-to-head comparison of GNN and CNN surrogates trained on the same
data: the GNN is both more accurate (MAPE 3.50±0.24% versus 5.42±0.58%, p < 0.01) and roughly
fifteen times faster to train (13.3± 0.5 versus 204.7± 0.1 min, p < 0.001).
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Fig. 4 GNN predictions match the finite element ground truth across diverse kirigami
designs. A-D, For four representative designs with differing cut geometries, the kirigami pattern is
shown beside its stress-strain response in both loading directions, comparing finite element ground
truth (solid) with GNN predictions (dashed). The surrogate reproduces the nonlinear response in
every case, with MAPE below 3.5%. Shaded bands denote ±1σ variability across seven independently
trained GNN surrogates.
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Fig. 5 Inverse design and experimental validation of stochastic kirigami with prescribed
anisotropic responses. A, Inverse-design workflow. A target response, constructed by blending
three curves from the training set so that it lies within the achievable range, defines the objective.
A genetic algorithm (GA) evolves candidate patterns while the GNN scores each predicted response
against the target, converging on a geometry whose predicted curves match the target in both loading
directions. B, Fabrication and testing. Inverse molds of the optimized designs were 3D-printed, filled
with Ecoflex 00-30, cured at room temperature, demolded, and loaded in uniaxial tension. C-F,
For four representative inverse-designed samples, the target (colored solid), GNN-predicted (colored
dashed), and measured (black solid) stress-strain curves agree in both loading directions. Insets
compare a photograph of each sample at 100% strain with the finite element field of maximum
principal stress.
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Fig. A1 Mesh convergence analysis for the finite element simulation.

Fig. A2 Three-term Ogden hyperelastic model calibration using experimental stress–strain data
from uncut Ecoflex-0030 dogbone specimens.

23


	Introduction
	Results
	Stochastic disorder decouples extension from shear
	A graph neural network learns the structure-property map of disordered kirigami
	Surrogate-guided optimization discovers patterns matching prescribed targets
	Fabricated samples confirm the predicted responses

	Discussion
	Disorder-enabled design and geometry-aware learning
	Practical implications and future directions

	Conclusions
	Supplementary figures

