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METHOD TO INVERSE DESIGN MECHANICAL BEHAVIORS USING ARTIFICIAL
INTELLIGENCE

STATEMENT OF GOVERNMENT SUPPORT

[0001] This invention was made with government support under Grant Number N00014-20-1
2504:P00001 awarded by the Office of Naval Research. The government has certain rights in the
invention.

REFERENCE TO RELATED APPLICATIONS

[0002] The present application claims priority to and the benefit of U.S. Provisional Patent
Application Serial No. 63/456,200, filed March 31, 2023, and entitled “METHOD TO INVERSE
DESIGN MECHANICAL BEHAVIORS USING ARTIFICIAL INTELLIGENCE,” the entire
contents of which are hereby incorporated by reference herein.

FIELD OF INVENTION

[0003] The present invention relates to systems and methods to design and print materials with
customizable architectures.

BACKGROUND

[0004] Designing and printing metamaterials with customizable architectures enables the
realization of unprecedented mechanical properties that transcend those of their constituent
materials, such as negative compressibility, ultrahigh stiffness, and multi-stability. In particular,
engineering materials to reproduce a particular stress-strain curve may hypothetically yield a set of
specific mechanical behaviors under loading. However, existing inverse design methods and
systems fail to capture the full desired behaviors due to technical challenges stemming from
multiple design objectives, nonlinear behavior, and process-dependent manufacturing errors.

[0005] The intrinsic mechanical behavior of bulk materials (¢.g., metals, ceramics, polymers) may

be experimentally characterized by the application of force and the measurement of the resulting
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deformation, yielding stress—strain curves. For example, under tensile loading, the mechanical
behavior of brittle materials such as ceramics may be characterized by a stress-strain curve with a
lincar region followed by a sharp termination and elastomers may display superelasticity,
characterized by a rapidly rising concave-up stress—strain curve without a noticeable linear region.
For homogenous materials such as metals, ceramics, and polymers, responses to loading are
dictated by intrinsic microstructure, such as crystal structure, atomic bonding, and the size and mass
of the constituent molecules/atoms, in addition to the presence of stochastic microscopic defects.
As a result, classically, there is little room to tailor these materials’ responses to loads besides
altering the intrinsic microstructure of the base materals.

[0006] Additive manufacturing (AM) may allow mechanical properties to be tailored in ways that
are impossible in bulk materials, via the microarchitecture design of three-dimensional (3D)
metamaterials. Indeed, these materials can exhibit exotic properties such as negative Poisson’s
ratio [1-3], negative compressibility [4, 3], ultralightness and ultrastiffness, shape recoverability
[6-8], and multiple stable states [9-11]. These architected materials may be able to achicve
previously unattainable region in the material selection chart (e.g., so-called as Ashby charts of
density vs. Young’s modulus or strength) [12, 13]. Architected materials manifesting these
properties have been typically designed by forward design approaches, topology optimizations
[14,15] and, more recently, machine learning (ML) [16-22]. The forward approaches iteratively
adjust design parameters of architected materials (such as unit cell size, wall thickness, and so
forth) until measured or simulated properties satisfy prescribed design criteria, which usually
require substantial prior knowledge of experienced designers. While the topology optimizations
and ML-based design approaches have shown the potential to yield designs that provide some
desired property values, they do not accurately capture all of the required mechanical behaviors in
practice, due to nonunique response-to-design mapping and challenges in simultancously

representing a large number of variables. These design approaches are further complicated by the
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presence of manufacturing defects, process variabilities and uncertainties [23, 24] which
necessitate substantial calibrations to account for defects in additively manufactured samples with
hundreds to millions of spatial constituents as each member independently may contribute to
realization of target responses [25, 26]. As a result of these challenges and defects, the actual
mechanical properties of fabricated samples in conventional systems often substantially deviate
from the designed extremal properties [25, 26], which, if not considered, could lead to suboptimal
or catastrophic failure on application.

[0007] What is needed is a system and method to design and print metamaterials with customizable

architectures that overcome these and other technical challenges.

SUMMARY OF INVENTION

[0008] In view of the above, it is an object of the present invention to provide a method for
designing and generating a target with customizable architecture including: obtaining, by a first
machine leaming module, a set of target stress-strain curve features characterizing a target stress-
strain curve; generating a first output, by the first machine learning module trained using a first
training set, based on a first query, wherein: the first query includes the set of target stress-strain
curve features; the first output includes sets of digital design parameters for printing the
metamaterial target using a 3D printer, wherein each of the sets of digital design parameters
includes: for each cell, a cell type denoting a category of unit cell, and a characteristic angle
specifying an orientation of struts of each cell in the category, and a radius-to-length ratio of an
inclined strut representing the solid-to-air ratio of the unit cell; and a design lattice structure
utilizing each cell; and a base material type; and a gradient; and the first training set includes a first
plurality of training stress-strain curve features and respective associated design parameters sets;
obtaining, by a second machine learning module, the sets of digital design parameters; obtaining,
by the second machine learning module, a subset of the set of target stress-strain curve features;

generating a second output, by the second machine learning module trained using a second training
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set, based on a second query, wherein: the second query includes the sets of digital design
parameters and the subset of the set of target stress-strain curve features; the second output includes
respective sets of stress-strain curve features characterizing a predicted stress-strain curve; the
second training set includes a second plurality of training stress-strain curve features and respective
associated design parameters sets; determining, by the second machine learning module, an optimal
set of design parameters of the sets of digital design parameters; and printing or causing to print,
by a 3D printer, the metamaterial target, based on the optimal set of design parameters.

[0009] It is a further object of the present invention to provide a computer system for designing
and generating a target comprising one or more processors operably connected to one or more
memories, the one or more memories containing computer-readable instructions, then when
executed, cause the one or more processors to perform the method of: obtaining, by a first machine
learning module, a set of target stress-strain curve features characterizing a target stress-strain
curve; generating a first output, by the first machine learning module trained using a first training
set, based on a first query, wherein: the first query includes the set of target stress-strain curve
features; the first output includes sets of digital design parameters for printing the metamaterial
target using a 3D printer, wherein each of the sets of digital design parameters includes: for cach
cell, a cell type denoting a category of unit cell, and a characteristic angle specifying an orientation
of struts of each cell in the category, and a radius-to-length ratio of an inclined strut representing
the solid-to-air ratio of the unit cell; and a design lattice structure utilizing each cell; and a base
material type; and a gradient; and the first training set includes a first plurality of training stress-
strain curve features and respective associated design parameters sets; obtaining, by a second
machine learning module, the sets of digital design parameters; obtaining, by the second machine
learning module, a subset of the set of target stress-strain curve features; generating a second
output, by the second machine learning module trained using a second training set, based on a

second query, wherein: the second query includes the sets of digital design parameters and the
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subset of the set of target stress-strain curve features; the second output includes respective sets of
stress-strain curve features characterizing a predicted stress-strain curve; the second training set
includes a second plurality of training stress-strain curve features and respective associated design
parameters sets; determining, by the second machine learning module, an optimal set of design
parameters of the sets of digital design parameters; and transmitting, to a 3D printer, the

metamaterial target, based on the optimal set of design parameters.

BRIEF DESCRIPTION OF THE DRAWING

[0010] The above and related objects, features and advantages of the present disclosure will be
more fully understood by reference to the following detailed description of the preferred, albeit
illustrative, embodiments of the present invention when taken in conjunction with the accompany
figures, wherein:

[0011] FIG. 1 is a block drawing of a generative ML pipeline in accordance with embodiments of
the present invention;

[0012] FIG. 1A is a schematic of a generative ML pipeline in accordance with embodiments of the
present invention;

[0013] FIG. 1B depicts a graph which may be used to generate target curve features in accordance
with embodiments of the present invention;

[0014] FIG. 1C is an exemplary CAD model of a lattice design generated in accordance with
embodiments of the present invention;

[0015] FIG. 1D is a representative schematic of compression testing on a printed sample with
design parameters generated by the machine learning method illustrated in FIG. 1A;

[0016] FIG IE illustrates a hypothetical example of a graph depicting a stress—strain curve
following testing of a 3D printed design;

[0017] FIG. 2A illustrates a full stress—strain curve design space composed of a series of subdesign

spaces in a dimensionless plot in accordance with embodiments of the present invention;
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[0018] FIG. 2B illustrates example stress—strain curves in accordance with embodiments of the
present invention;

[0019] FIG. 2C provides examples of architectural cells with cubic symmetry in accordance with
exemplary embodiments of the present invention;

[0020] FIG. 3A depicts target and measured curves in accordance with embodiments of the present
invention based on monotonic compression loadings;

[0021] . FIG. 3B depicts target and measured curves in accordance with embodiments of the
present invention based on cyclic compression loadings;

[0022] FIG. 3C depicts photographs of the printed samples inversely designed by the machine
learning predicted design parameters for the target curves in accordance with the present invention;
[0023] FIG. 3 is a representative inverse design based on representative target stress-strain curves
and experimental design validation in accordance with embodiments of the present invention;
[0024] FIG. 4A depicts the tailoring process to improve the energy absorption behavior for the
architected midsole design in accordance with exemplary embodiments of the present invention;
[0025] FIG. 4B illustrates relative load distribution of the midsole during running;

[0026] FIG. 4C illustrates a photograph of a midsole sample designed and printed in accordance
with exemplary embodiments of the present invention;

[0027] FIG. 4D illustrates a series of target and measured stress—strain curves of an architected
shoe midsole sample designed and printed in accordance with the present invention;

[0028] FIG. 4 is an illustration of an architected show midsole design with representative stress-
train curves in accordance with embodiments of the present invention; and

[0029] FIGs. 5A-5C illustrate three sets of target stress—strain curves in accordance with

embodiments of the present invention;
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[0030] FIGs. 5D-5F are an experimental demonstration of tailored stress—strain hysteresis loops
displaying deformations at different strains in accordance with embodiments of the present
mvention;

[0031] FIG. 6A illustrates the overall architecture of the machine learning (ML) generative
pipeline in an exemplary embodiment of the present invention;

[0032] FIG. 6B illustrates generative-surrogate model linkage in accordance with embodiments of
the present invention;

[0033] FIG. 6C depicts multiple design candidates obtained from the inverse prediction module
for the target curve shown in FIG. 6A in accordance with embodiments of the present invention;
[0034] FIG. 6D depicts examples of estimated curves from the fifth surrogate model in FIG. 6A in
accordance with embodiments of the present invention;

[0035] FIG. 6 is an illustration of exemplary details of a ML approach used by the present
ivention,;

[0036] FIGs. 7A and 7B depict plottable stress-strain curve paths in accordance with embodiments
of the present invention;

[0037] FIGs. 8A-8C depict exemplary mechanical performance assessments of the architectural
unit cells in accordance with embodiments of the present invention;

[0038] FIG. 9A depicts an example of stress-strain curve parameterized in terms of curve features
in accordance with embodiments of the present invention;

[0039] FIG. 9B depicts illustrative examples 920, 930, 940, 950, 960 of the curve parameterization
for several curve paths in accordance with embodiments of the present invention;

[0040] FIG. 10 depicts illustrative stress-strain capability of compound latices in accordance with
embodiments of the present invention; and

[0041] FIGs. 11A and 11B depict a sequential integration strategy for compound lattice generation

and training set generation in accordance with exemplary embodiments of the present invention.
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DETAILED DESCRIPTION OF THE EXEMPLARY EMBODIMENTS

[0042] The present invention relates to systems and methods to design and print target
metamaterials with customizable architectures.

[0043] Embodiments of the present invention include a method for designing and generating a
target with customizable architecture including: obtaining, by a first machine learning module, a
set of target stress-strain curve features characterizing a target stress-strain curve; generating a first
output, by the first machine learning module trained using a first training set, based on a first query,
wherein: the first query includes the set of target stress-strain curve features; the first output
includes sets of digital design parameters for printing the metamaterial target using a 3D printer,
wherein each of the sets of digital design parameters includes: for each cell, a cell type denoting a
category of unit cell, and a characteristic angle specifying an orientation of struts of cach cell in the
category, and a radius-to-length ratio of an inclined strut representing the solid-to-air ratio of the
unit cell; and a design lattice structure utilizing each cell; and a base material type; and a gradient;
and the first training set includes a first plurality of training stress-strain curve features and
respective associated design parameters sets; obtaining, by a second machine learning module, the
sets of digital design parameters; obtaining, by the second machine learning module, a subset of
the set of target stress-strain curve features; generating a second output, by the second machine
learning module trained using a second training set, based on a second query, wherein: the second
query includes the sets of digital design parameters and the subset of the set of target stress-strain
curve features; the second output includes respective sets of stress-strain curve features
characterizing a predicted stress-strain curve; the second training set includes a second plurality of
training stress-strain curve features and respective associated design parameters sets; determining,
by the second machine learning module, an optimal set of design parameters of the sets of digital
design parameters; and printing or causing to print, by a 3D printer, the metamaterial target, based

on the optimal set of design parameters.
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[0044] Embodiments of the present invention include a computer system for designing and
generating a target comprising one or more processors operably connected to one or more
memories, the one or more memories containing computer-readable instructions, then when
executed, cause the one or more processors to perform the method of obtaining, by a first machine
learning module, a set of target stress-strain curve features characterizing a target stress-strain
curve; generating a first output, by the first machine leaming module trained using a first training
set, based on a first query, wherein: the first query includes the set of target stress-strain curve
features; the first output includes sets of digital design parameters for printing the metamaterial
target using a 3D printer, wherein each of the sets of digital design parameters includes: for each
cell, a cell type denoting a category of unit cell, and a characteristic angle specifying an orientation
of struts of each cell in the category, and a radius-to-length ratio of an inclined strut representing
the solid-to-air ratio of the unit cell; and a design lattice structure utilizing each cell; and a base
material type; and a gradient; and the first training set includes a first plurality of training stress-
strain curve features and respective associated design parameters sets; obtaining, by a second
machine leaming module, the sets of digital design parameters; obtaining, by the second machine
learning module, a subset of the set of target stress-strain curve features; generating a second
output, by the second machine learning module trained using a second training set, based on a
second query, wherein: the second query includes the sets of digital design parameters and the
subset of the set of target stress-strain curve features; the second output includes respective sets of
stress-strain curve features characterizing a predicted stress-strain curve; the second training set
includes a second plurality of training stress-strain curve features and respective associated design
parameters sets; determining, by the second machine learning module, an optimal set of design
parameters of the sets of digital design parameters; and transmitting, to a 3D printer, the

metamaterial target, based on the optimal set of design parameters.
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[0045] In embodiments, the one or more processors execute computer code stored in the one or
more memories. In embodiments, the computer system may be local to a user, remote from the
user, or both local and remote (¢.g., aspects may involve cloud computing). In embodiments, the
computer code may include portions written in Python. In embodiments, the computer system may
have an input device such as a keyboard and mouse and an output device such as a monitor which
are operably connected to the one or more processors.

[0046] In embodiments, the target stress-strain curve is a user-defined target stress-strain curve. In
embodiments, the user-defined target stress-strain curve is be drawn, uploaded and/or input by a
user.

[0047] In embodiments, the sets of digital design parameters is transmitted from the first machine
learning module to the second machine learning module.

[0048] In embodiments, the subset of the set of target stress-strain curve features includes one or
more features corresponding to load type.

[0049] In embodiments, the first machine learning module includes an inverse prediction module.
[0050] In embodiments, the second machine learning module includes a forward validation
module. In embodiments, the forward validation module includes a curve type classifier and a curve
feature regressor.

[0051] In embodiments, printing is based on printing parameters. In embodiments, the printing
parameters include a minimum feature size and a maximum print volume of the 3D printer.

[0052] In embodiments, the base material type 1s selected from a list of materials.

[0053] In embodiments, the first training set includes data augmented from pristine data. In
embodiments, the second training set includes pristine data. In embodiments, the second plurality
of training stress-strain curve features and respective associated design parameters sets includes a
subset of the first plurality of training stress-strain curve features and respective associated design

parameters.
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[0054] In embodiments, the generating step performed by the second machine learning module is
iterated. In embodiments, the generating step is iterated based on the lack of an optimal set of
design parameters. In embodiments, there may not be an optimal set of design parameters if the
target stress-strain curve and the predicted stress-strain curve are too dissimilar. In embodiments,
dissimilarity may be measured using a normalized root mean square error calculation.

[0055] In embodiments, the method is iterated based on, or following, testing of the target. In
embodiments, iteration occurs based on testing of a printed target and/or a simulated target.

[0056] In embodiments, the target is a metamaterial target.

[0057] In embodiments, the optimal set of design parameters are the set of design parameters
associated withs the lowest normalized root mean square error between the predicted stress-strain
curve and the target stress strain curve.

[0058] Embodiments of the present invention include a method of training one or more neural
networks for generating one or more 3d printable cells by collecting a set of training stress-strain
curve features; generating a first lattice based on the simulated curve features; printing the first
lattice; obtaining first test results related to the first lattice; creating a first training set comprising
the simulated curve features, the first test results, and the first lattice; training a neural network in
a first stage using the first training set; creating a second training set for a second stage of training
comprising the first training set and second test results related to a second lattice printed after the
first stage of training; and training the one or more neural networks in a second stage using the
second training set.

[0059] Embodiments of the present invention include a program product for designing and
generating a target with customizable architecture including: a first machine learning module
configured to obtain a set of target stress-strain curve features characterizing a target stress-strain
curve and to generate a first output, using a first training set, based on a first query, wherein the

first query includes the set of target stress-strain curve features, the first output includes sets of
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digital design parameters for printing the metamaterial target using a 3D printer, wherein each of
the sets of digital design parameters includes, for each cell, a cell type denoting a category of unit
cell, and a characteristic angle specifying an orientation of struts of each cell in the category, and a
radius-to-length ratio of an inclined strut representing the solid-to-air ratio of the unit cell, and a
design lattice structure utilizing each cell, and a base material type, and a gradient, and the first
training set includes a first plurality of training stress-strain curve features and respective associated
design parameters sets; and a second machine learning module configured to obtain the sets of
digital design parameters and a subset of the set of target stress-strain curve features, to generate a
second output, using a second training set, based on a second query, wherein the second query
includes the sets of digital design parameters and the subset of the set of target stress-strain curve
features, the second output includes respective sets of stress-strain curve features characterizing a
predicted stress-strain curve, and the second training set includes a second plurality of training
stress-strain curve features and respective associated design parameters sets, and to determine an
optimal set of design parameters of the sets of digital design parameters.

[0060] In embodiments, a printing module of the program product causes the metamaterial target
to print a metamaterial target, based on the optimal set of design parameters.

[0061] In embodiments, the present invention offers a computer-implemented design methodology
to generate printable materials with desired stress-strain curves. In accordance with embodiments
of the present invention, a user provides a desired mechanical behavior, and the machine learning
module in accordance with embodiments of the present invention provides as an output a design
that meets the stress-strain curve associated with the desired mechanical behavior. In
embodiments, the outputted design is printed, and if desired, tested to confirm that it is consistent
with the desired mechanical behavior. To the extent the tested design is not sufficiently in
accordance with desired mechanical behavior, the machine leaming module can be provided

feedback and modified to adjust accordingly.

12
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[0062] In embodiments, the present invention employs a rapid inverse design methodology
leveraging generative machine learning and additive manufacturing, which allows for metamaterial
creations based on arbitrary stress-strain curves that characterize their mechanical behaviors.
Specifically, a user sketches a target compressive stress-strain curve described by a set of curve
features as the input into a generative machine learning pipeline, which may output an optimal
digital design in a short period of time (e.g., within a few seconds) that if 3D printed, will closely
replicate the prescribed stress-strain curve, within amargin of error, upon testing (¢.g., compression
testing). In embodiments, the present invention may account for process-dependent errors from a
mass-customer based printing technique and enables the rapid creation of nearly all possible stress-
strain curve cases subjected to compression. Additionally, exotic mechanical behavior along with
full tailorability can be achieved, with fidelity of nearly 90 % between the target and measured
curves from 3D printed inverse-designed metamaterials. The present invention provides a method
of generating inverse design materials that meet prescribed, spatially and temporarily dependent
behaviors, bypassing manufacturing-design cycles. The disclosed method may be applied to rapid
inverse design of other complex behaviors under various loading conditions, such as J-curve
phenomena, impact, and magnetic and electromechanical responses with relevant training data, to
name a few.

[0063] In embodiments, a machine learning module is provided which addresses the
aforementioned issues. A rapid inverse design methodology is presented in accordance with
embodiments of the present invention that can produce designs that replicate tailored mechanical
behaviors upon loading via ML and AM while incorporating process variabilities. In embodiments,
the present invention utilizes generative inverse and surrogate forward neural network (NN) models
(details of the ML workflow shown in FIGs. 1, 1A), where the input comprises a user-defined
stress—strain curve described by a set of curve features {X"}, and fabrication parameters represented

by the maximum build volume dimensions (Z*) and minimum printable feature size (smin) of a
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given 3D printer (FIG. 1C). The output is a set of optimal design parameters {¥} (i.e., a cell type
(Tcell) denoting the category of the unit cell in the tramning dataset, a characteristic angle (¢)
specifying the orientation of struts of each cell in the category, and a radius-to-length ratio of an
inclined strut (#1/L1) representing the solid-to-air ratio of the unit cell), describing a digital lattice
design that, once 3D-printed and tested, will replicate the target stress—strain curve (FIGs. 1B-1E).
To achieve this, a family of architectural unit cells capable of capturing distinct curve shapes under
both monotonic and cyclic compressive loadings which covering a wide range of mechanical
behaviors of a cellular solid is provided. In embodiments, these cells serve as building blocks for
creating two separate training datasets differentiated by two distinct (brittle and flexible) polymeric
base materials. In embodiments, from the training datasets, an ML pipeline (which may include
multiple ML modules working together) learns the relationship between various mechanical
behaviors, architecture designs, and process-dependent manufacturing errors, and generates lattice
replicating the target stress—strain curve. In embodiments, the present invention may lead to an
inverse design of arbitrary stress—strain curves which represent the entire mechanical responses
under loading within the design space of a given polymeric material. In experimental embodiments,
additional tailored mechanical behaviors can be realized by graphically modifying the local
geometric features of a stress—strain curve. In contrast to the conventional design approaches
discussed earlier, the present invention may allow for the rapid creation of materials with tailorable
mechanical behavior while accounting for manufacturing process errors and nonlinear behavior.
[0064] Overview of the generative ML approach

[0065] FIG. 11sa block drawing of a generative ML pipeline 100 in accordance with embodiments
of the present invention. In embodiments, the generative ML pipeline 100 includes an inverse
prediction module 120 and forward validation module 140. In embodiments, the forward validation
module includes a curve type classifier 142 and a curve feature regressor 146. In embodiments, the

inverse prediction module 120 obtains a plurality of target curve features 110 (e.g., via user input
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or based on a target curve) and outputs design parameters 130, In embodiments, the forward
validation module 140 obtains the plurality of target curve features 110 and the design parameters
130 and outputs respective predicted curve features 150.

[0066] FIG. 1A is a schematic of a generative ML pipeline in accordance with embodiments of the
present invention. FIG. 1A provides a more detailed view of aspects of FIG. 1. In embodiments,
the generative ML pipeline is composed of an inverse prediction module 120 and forward
validation modules 140, where each module is composed of a number of (e.g., five, to give an
example) distinct NN models 140 (e.g., NN models 122-1 to 122-5 (FIG. 1A)). In embodiments,
each NN model in the inverse prediction module generates a set of design parameters (also referred
to as “design candidates™) 130 ({¥}) (e.g., 130-1 —130-5: {1}, {Y*}, {13}, {I*}, {}°} of FIG. 1A)
for a given target curve features (e.g., target curve features 100, {X'}) used as an input. In
embodiments, each respective design candidate {¥*} may be described by a cell type (Zcell),
characteristic angle (¢) and radius-to-length ratio (#1/L1)). In embodiments, as shown in FIG. 1A,
k ranges from 1 to 35, such that there five design candidates (e.g., {I'}, {¥?}, {I°}. {I*}. {}°} of
FIG. 1A). In embodiments, there may be more than five design candidates. In embodiments, there
may be less than five design candidates.

[0067] In embodiments, the target curve features include a load type (e. g., XF of FIG. 1A), energy
(e.g., XT ~ XTof FIG. 1A), control points defining the curve (e.g., XI ~ X1,0f FIG. 1A), and curve
stiffness (e.g., X715 ~ X3c0f FIG. 1A), to give a few examples. In embodiments, the target curve
features are user-defined.

[0068] Referring now to FIG. 1B, FIG 1B depicts a graph which may be used to generate target
curve features in accordance with embodiments of the present invention. In embodiments, the target
curve features are derived from curves of a stress-strain chart (e.g., chart 112, to give an example)

which may be defined by a linear elastic limit 113, a local maximum 114, an end point 115, local
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minimum 116 and an origin 117). In embodiments, the stress strain chart 112 is generated based
on a user drawing. In embodiments, the curve is generated based on parameters entered by a user.
[0069] Referring back to FIG. 1A, in embodiments, the forward validation module 140 includes a
curve type classifier 142 and a curve feature regressor 144. In embodiments, the curve type
classifier 142 and curve features regressor 144 are sub-modules of the forward validation module
140. In embodiments, the curve type classifier 142 generates a plurality of predicted target curve
features (e.g., target curve features 146: 146-1 — 146-5). In embodiments. the design candidates
and predicted target curve features are then obtained by a curve feature regressor (e.g., curve feature
regressor 144) of the forward validation module 140 to estimate responses 150 ({X**}) of the design
candidates (e.g., responses 150-1 — 150-5: {XF1}, (X2, (X, (X4, and {X**} of FIG. 1A). In
the embodiment illustrated by FIG. 1A, each of these responses {X”*} is compared to a target curve
feature {X”} for selection of the optimal design (c.g., by the forward validation module 140). In
embodiments, a design for a 3D printed model is generated based on the selected optimal design.
[0070] FIG. 1C is an exemplary CAD model of a lattice design generated in accordance with
embodiments of the present invention. For example, in embodiments a lattice design (e.g., lattice
design 150) may be generated based on one or more design candidates (e.g., design candidates 130
of FIG. 1A). In embodiments, the generated lattice design has struts of a given length, diameter,
and angle (e.g., length Lisi, a diameter of 2152, and an angle ¢1s3). In embodiments, the lattice
design 150 is part of a larger design 154. In embodiments, the 3D printing system (e.g., 3D printer
160) may print one or more lattice structures (e.g., a lattice structure including lattice 150 or design
154, to give an example) based on instructions / light 156. In embodiments, the 3D printing system
has specific fabrication parameters (¢.g., minimal feature size 162 (smin) which may set minimum
dimensions of a strut 166, and maximum printing volume 164 (L*)).

[0071] FIG. ID is a representative schematic of compression testing on a printed sample with

design parameters generated by the machine learning method illustrated in FIG. 1A, In
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embodiments, a compressive load 170 is applied, and strain 172 and stress 174 measurements are
taken.

[0072] FIG IE illustrates a hypothetical example of a graph depicting a stress—strain curve
following testing of a 3D printed design. In embodiments, the graph 180 includes a target curve
180, which may correspond to the target curve features 110, a measured curve 184, which depicts
a curve generated based on testing such as the compressive testing (e.g., as depicted in FIG. 1D),
as well as an uncertainty region 186 based on the measured curve 174. In embodiments, the
uncertainty region represents the process variability obtained through the testing of multiple
samples.

[0073] This embedded approach solves the nonunique response-to-design mapping challenge in
inverse design (e.g., several micro-architectural features may give the same output curves, thereby
increasing the cost function of training the model). The present invention addresses the “one-to-
many” issue associated with the target parameters.

[0074] FIGs. 6A and 6B illustrate exemplary details of a ML approach in accordance with
embodiments of the present invention.

[0075] FIG. 6A illustrates the overall architecture of the machine learning (ML) generative
pipeline in an exemplary embodiment of the present invention. In embodiments, the ML generative
pipeline includes (1) a forward validation module 640 and (ii) an inverse prediction module 620, In
embodiments, the forward validation module 640 consists of a curve type classifier (not shown)
and five individual surrogate NNs (e.g.. surrogate models 641, 642, 643, 644, and 645) that predicts
curve feature {X*} (c.g., the estimated curves) given the design candidate {¥} (c.g., design
candidates 631, 632, 633, 634, and 645). In embodiments, the inverse prediction module 620
consists of five individual generative neural networks (e.g., generative model 621, 622, 623, 624
and 625) that predicts the design candidate {¥} (e.g., design candidates 631, 632, 633, 634, and

643, respectively) based on the target curve feature {X’} (e.g., features 610). In embodiments, the

17



WO 2024/253734 PCT/US2024/022177

inverse prediction module 620 takes the target stress-strain curve features 610 as the input, predicts
five design candidates (deign candidates 631, 632, 633, 634, 635), which are then passed to the
forward validation module 640 to evaluate the mechanical responses and select the optimal design
660. While five generative models, design candidates, surrogate models, estimated curves (for each
surrogate model) and average curves are depicted by FIG. 6A, it will be appreciated the invention
is not limited to embodiments where only 5 of these are used, and it will be appreciated that more
(e.g., 10, 15, 20, etc.) or fewer (e.g., 1-4) of cach may be used.

[0076] FIG. 6B illustrates generative-surrogate model linkage in accordance with embodiments of
the present invention. Each generative neural network may be linked to its corresponding surrogate
neural network, forming a pair of generative-surrogate models. For example, as shown in FIG. 6B,
generative model 621 may be linked to surrogate model 641. In embodiments, the output of each
respective generative model (generative model 621, generative model 622, generative model 623,
generative model 624, generative model 625) may be used to train (training 671, training 672,
training 673, training 674, training 675, respectively) each respective surrogate model (surrogate
model 641, surrogate model 642, surrogate model 643, surrogate model 644, surrogate model 6435,
respectively), and vice versa. Fig. 6A-6D illustrates five pairs of generative-surrogate model in the
ML pipeline, but fewer, or more, pairs may be included in accordance with embodiments of the
present invention,

[0077] FIG. 6C depicts multiple design candidates obtained from the inverse prediction module
for the target curve shown in FIG. 6A in accordance with embodiments of the present invention. In
embodiments, each design candidate 631, 632, 633, 634, 635 may be described by a 7cen number,
an angle ¢; and a ratio of strut radius to length r1/L1.

[0078] FIG. 6D depicts examples of estimated curves from the fifth surrogate model in accordance
with embodiments of the present invention. In embodiments, the predicted curves 690 of design

candidate 635 may be averaged (as shown by predicted curve avg 680) and compared with the
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target curve 610 in terms of the normalized root-mean-square error (NRMSE). In embodiments,
after repeating this process for all models (e.g., 621, 622, 623, 624, 625) / all design candidates
(E.g.. design candidates 631, 632, 633, 634, 635), the optimal design 660 paired with a curve
exhibiting the minimum NRMSE is selected. In embodiments, when the minimum NRMSE values
are identical across multiple designs, the design candidate from an ML model with the highest
prediction accuracy is chosen as the optimal design.

[0079] In embodiments, as a part of the ML pipeline, the curve type classifier in the forward
validation module estimates the type of predicted stress-strain curves using the design parameters
predicted from the inverse design module. This curve type along with such predicted design
parameters are fed into each NN model of the forward module for the prediction of stress-strain
curve features {X*}. Thereby, as the optimal design are chosen via a direct comparison of curve
features, the approach ensures the uniqueness of the solution and hence bypasses the potential one-
to-many mapping issue that can occur in the typical inverse design approach.

[0080] Curve design space

[0081] FIG. 2A illustrates a full stress—strain curve design space 200 composed of a series of
subdesign spaces (e.g., subdesign spaces 204 and subdesign space 202) in a dimensionless plot in
accordance with embodiments of the present invention. In FIG. 2, the x-axis specifies the strain
and the y-axis specifies the relative compressive strength o/oys (oys denotes the yield strength of
the base material). Each subdesign space of the illustrated design space 200 is associated with a
unique base material described by its elastic limit eys and constructed with three boundaries (e.g.,
202A, 202B, and 202C of subdesign space 202 in inset), with a representative case enclosed by
bold line 202 while others bounded by lighter lines depicted. Target curves (¢.g., target curves 206)
may be generated in a given subdesign space (e.g., subdesign space 202).

[0082] FIG. 2B illustrates example stress—strain curves in accordance with embodiments of the

present invention. By way of illustration, FIG. 2B, provides an example of design rules for plotting
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target stress—strain curves. In embodiments, a target curve 220, described by control points 230 and
their derivatives, starts with a straight line, followed by peaks and valleys. In embodiments, the
target curve is within a sketchable region for peaks and valleys 240. Inset 250 provides a close up
of a subset of control points 230 and their derivatives.

[0083] FIG. 2C provides examples of architectural cells with cubic symmetry in accordance with
exemplary embodiments of the present invention. Table 260 of FIG. 2C includes 3D views 270,
272, 274, 276, 278 and 2D Projection views 280, 282, 284, 286, and 288 for given 7:en,
characteristic angle, and radius ratio values. As shown table 260 of FIG. 2C, a variation in the
characteristic angle (¢) from -45 to 90 degrees results in an architectural transformation from a
compound truss comprising simple and body-centered cubic trusses (shown in 3D view 270 and
2D projection view 280) (Tean = 1) at ¢ = -45° | to an auxetic truss (shown in 3D view 272 and 2D
projection view 282) (Tca1 = 2) at -45° < ¢ < 0°, to a reinforced face-centered truss (shown in 3D
view 274 and 2D projection view 284) (Zcn = 3) at ¢ = 0°, to a simple cubic truss combined with
convex square pvramids truss (shown in 3D view 276 and 2D projection view 286) (7en = 4) at 0°
< ¢ <90°, and to a simple cubic truss (shown in 3D view 278 and 2D projection view 288) (7cean =
5) at ¢ = 90°. In embodiments, cach cell occupies an identical representative (black-dotted) volume
and comprises two types of struts: inclined (angled struts, shaded light gray) and support struts
(horizontal and vertical struts, shaded darkly) struts. These struts are related via a constant C,
defined as the ratio of the radius of the inclined strut to the radius of the support strut (ie., C=
rlir2).

[0084] In preferred embodiments of the present invention, the design region of the generative ML
approach is formulated as a dimensionless design space (¢.g., design space 200) enclosing the
arbitrary mechanical behavior of cellular materials under both monotonic and cyclic uniaxial
compression, where the x-axis specifies the strain € and the y-axis specifies the relative compressive

strength normalized to the yield strength of a given polymeric base material o/oys (the full curve
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design space is highlighted by a black dashed region 200 in FIG. 2A). In embodiments, this
dimensionless design space may comprise a series of subdesign spaces (e.g., subdesign spaces 204
and subdesign space 202) classified by the elastic limit (¢ys or ays/Es) of each available polymeric
base material (depicted as dotted lines within the design space). This representation allows for the
inclusion and visualization of most stress—strain curve shapes (¢.g., target curves 206) for a given
choice of polymeric base materials. In embodiments, in a dimensionless plot where the x-axis
specifies the strain, and the y-axis specifies the relative compressive strength o/0y (a5 denotes
the yield strength of the base material), each subdesign space, as illustrated in the inset of FIG. 2A,
is constructed with three boundaries: (1) A lower boundary for the strain axis or x-axis (202A):
described by the ratio of the maximum attainable strength to the highest attainable stiffness; An
upper boundary for the relative compressive strength axis or y-axis (202B): represented by the
maximum attainable strength; An upper boundary for the strain axis or x-axis (202C): characterized
by failure strains and the corresponding maximum strengths. In embodiments, envelopes of the
subdesign space are specified by the theoretical upper bounds of the clastic stiffness [27] and the
vield strength [28] of isotropic cellular materials ( represented as 202A and 202B, respectively, in
the context of subdesign space 202 of FIG. 2A) and an approximated failure bound (represented as
202C 1n the context of subdesign space 202 of FIG. 2A), assuming that available polymeric base
materials are isotropic and their post-yield behavior are negligible.

[0085] Derivation of stress-strain curve design space

[0086] In embodiments, the lower boundary for the strain axis (202A) can be determined by the
maximum achievable stiffness and yield strength of an isotropic cellular material. These

mechanical properties scale with the relative densities (p) of the cellular materials [43]. The

. . . — . — 23 oy t .
maximum designable density (f,,,) may be estimated as fy, oy ~ Jﬁﬁ where Oyypger 18
ys

defined as the maximum strength of the target stress-strain curve and max(ays) denotes the

minimum yield strength of an available base materials. In embodiments, based on the maximum
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relative density, the maximum achievable stiffness and yield strength is obtained using the Hasin-

Shtrikman (“HSU”) [27] and Sequet (“S”) [28] bounds as Equation 1:
Ensy _ 2pmax(5v-7)
Es 13pmax+12v~ 2Pmax—15Pmax v2 +15v2-27)

(Equation 1)

and Equation 2:

Oysu _ (% — = pmax) 2 (Equation 2)

Oys 12

where the subscript s denotes the material properties of the base material. The lower
boundary for the strain axis is marked as (202A) in the inset of FIG. 2A.

[0087] In embodiments, the upper boundary for the relative compressive strength axis (202B) is
approximated as the theoretical upper bound of the yield strength (Eq. 2) with g,,,,. This treatment
describes that failure occurs when local maximum stress within the lattice attains the yield strength
of the solid constituent material.

[0088] In embodiments, the upper boundary for the strain axis (202C) is characterized by the

Oy,5U

maximum failure strain (&) and the corresponding maximum strength (==) evaluated at

Oys
designable relative densities ranging from 0 to P, . The estimated failure strain may be
represented according to Equation 3:

& = (UE—"’:) p_%/z (Equation 3)
and the corresponding maximum strength may be represented by Equation 2. This function
reflects a general deformation trend of architected materials—low-density materials fail at a
higher strain than high-density materials while the maximum strength at failure decreases
gradually.
[0089] Stress—strain input curve
[0090] Referring now to FIG. 2B, within the full design space formulated above, the generative
ML approach of the present invention may take an arbitrary compressive stress—strain curve 220,

either monotonic or cyclic, as the input. In embodiments, this target curve 220 may be constructed

via sequentially connecting control points 230 assigned by the user (e.g., using a user input device,
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not shown), starting from the origin to linear elastic limit, followed by local maxima and/or minima,
and terminating at the end point (the design rules are shown in FIG. 2B; see FIG. 7A-7B for an
example of the stress—strain curve input process). The first segment of the target curve is a straight
line described by two control points at the origin and the linear elastic limit (i.c., (0, 00) and (1,
al)), representing linear-elastic behavior, and the slope of this straight segment (£0) denotes the
elastic modulus of the material under compression. After the linear elastic segment, the subsequent
segments between successive control points (&1, o1) denote the nonlinear behavior of the material,
where the maximum number of control point index 7 is dictated by the initial slope (£0) and given
print parameters.

[0091] In embodiments, control points 230 of the stress-strain curve 220, along with load type
(Tload) (either monotonic or cyclic), strain energy (AU) (area enclosed by the curve), and slope
(E1) between two adjacent control points, forms a total of 46 curve features {X} (e.g., curve features
110, 610) which may be used as the input to the ML pipeline (¢.g., as inputs to the inverse prediction
modules 120, 620).

[0092] FIGs. 7A and 7B depict plottable stress-strain curve paths in accordance with embodiments
of the present invention. Plot 700 depicts linear segments of two representative target curves 710
and 720 in the full design space 704 from user input. Plot 702 id a contour map showing the
achievable number of peaks and valleys of the curves based on the subdesign space 740. Plots 704
and 706 depict nonlinear segments of the representative target curves (curves 710 and 720,
respectively) within the corresponding subdesign spaces (subdesign spaces 712 and 722
respectively). In embodiments, the nonlinear segments are based on new control points (¢.g., new
control points 730, 731 and 732 for subdesign space 712 and new control points 740-746 for
subdesign space 722) which completes a sketch of the curves. FIG. 7B depicts exemplary
compressive stress-strain curve paths described by several curve features for a special case of

max(Npv) equal to unity plotted in plot 708.
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[0093] According to embodiments of the present invention, stress-strain curves are parameterized

by curve features (X7), where i ranges from 1 to 6xmax(Npv)+10 and max(Npv) describes the

maximum number of achievable peaks and valleys. These curve features may be specified by

identifying control points (¢j, aj) from the curve where j varies from 0 to 2xmax(Npv)+2. The

relationship between the curve features and control points are provided in Table 1:

Table 1
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[0094] In embodiments, the stress-strain curve parameterization process may be implemented in

Python with packages such as numpy [44], SciPy [45], and pandas [46] packages.

[0095] FIG. 9A depicts an example of stress-strain curve parameterized in terms of curve features

in accordance with embodiments of the present invention. In FIG. 9A, the curve features are

parameterized to fully describe their important mechanical properties, depicting an embodiment

where max(Npv) 6, and omitting the variables describing the loading type and energy terms (i.c.,

Tload, Uloading, Uunloading, AU).
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[0096] FIG. 9B depicts illustrative examples 920, 930, 940, 950, 960 of the curve parameterization
for several curve paths in accordance with embodiments of the present invention.

[0097] In embodiments, in the case of the training curve, the first step of the parameterization
process may include an identification of their control points (FIG. 9A). The identified control points
were then assigned to the curve features according to the descriptions listed in Table 1. In detail,
the identification process may begin with filtering noisy data presented in the curve to minimize
any data fluctuations and inconsistency [47] by using the Savitzky-Golay definition [48]. Upon the
completion of the filtering process. the beginning of the curve may be set to (90 , Goco) and a load
type (Tioad) may be determined by recognizing whether the initial and terminating stress values of
the curve were identical. A nonlinear segment at the beginning of the curve (also known as the toe-
in region) may also be detected and temporarily deactivated to minimize inaccuracy in the
following elastic modulus (£og) measurement (the slope of the lincar segment of the curve). The
elastic modulus may be computed by using a linear least-squares regression[43] with the coefficient
of determination set to 0.999. According to a typical 0.02% strain offset method, a straight line
with a slope described by the computed Eagp was determined, from which an intersecting point of
this line and the curve was set to (gon , ovor), representing the termination of linearity. In
embodiments, when this point is not detectable, the ending of the curve may be set to (€900-end , G900-
end) Which represents failure without appreciable yielding as illustrated in the upper left sub-figure
in FIG. 9B. Subsequent stresses and strains after the lincar segment—control points denoted by
(s99j, 090j) Where j = 2...13—are identified by locating local maxima and minima of the curve. Finally,
(€900-end » Go00-end) are set by recognizing terminating stress and strain values of the curve. Once all
control points are identified, they are assigned to the corresponding curve features (X7 where i =
5...32) according to the control point-curve feature relationship provided in Table 1. According to
embodiments of the present invention, the remaining curve features (Xi where 7 = 1...4 and 33...46)

may be recognized from the previously determined 7iad and Eom as well as additional variables
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such as strain energies and tangent moduli in the nonlinear segment of the curve.) As before, these
variables were assigned to the corresponding curve features as listed in Table 1, and this completed
the stress-strain curve parameterization in case of the training curve. Legend 960 provides
information on the lines and shading of FIG. 9B.

[0098] In exemplary embodiments, in the case of the target curve, the aforementioned
identification process of the control points may not be necessary as these points may be specified
by the user. Hence, with the user-specified control points, the curve parameterization process may
be completed by determining the additional variables discussed above and assigning them to the
corresponding curve features, as listed in Table 1

[0099] Architectural cells for training

[0100] Referring back to FIG. 2C, according to an exemplary embodiment of the present invention,
a family of cubic symmetric, strut-based architectural unit cells may be used to generate training
datasets of the ML approach. In embodiments, the cells are represented by design parameters {1}
that describe a lattice architecture, namely, the cell type (Y1 or 7cell), the characteristic angle (Y2
or ¢), and the radius-to-length ratio of the inclined strut (¥3 or r1/L1). In embodiments, the
evolution of ¢, together with #1/L1 tuning, not only changes the relationships among tensile and
compressive load-bearing strut members, nodal connectivity, and strut slenderness ratio but also
controls the deformation mechanism of the cells, thereby giving rise to distinct stress-strain curves
(an exemplary mechanical performance assessment is provided in FIGs. 8A-8C).

[0101] FIGs. 8A-8C depict exemplary mechanical performance assessments of the architectural
unit cells i accordance with embodiments of the present invention. FIG. 8A shows a graph 810
depicting sample FE simulations showing representative stress-strain curves of typical plate-
lattices in a subdesign space for eys of 0.02 (relatively brittle base material). In graph 810, responses
of SC-FCC, BCC, and FCC are labelled with their corresponding geometrical shape and by 812,

814 and 816, respectively. FIG. 8B shows a graph 820 which depicts exemplary results of FE
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simulations showing representative stress-strain curves of the strut-based architectural unit cells
(Tcell of 1 through 5 of FIG. 2C) and their coverages in the same subdesign space as depicted in
graph 810 for a comparison. FIG. 8C shows a graph 830 depicting exemplary results of FE
simulations illustrating coverages of the strut-lattices and plate-lattices in another representative
subdesign space for eys of 0.36 (a relatively flexible base material).

[0102] Due to the inherent cubic symmetry of the described architectural cells, their mechanical
behaviors are invariant in three orthogonal directions. An advantage of embodiments of the present
mvention 1s that this characteristic enables an effective, direct tessellation across different
architectures for the creation of compound lattices (i.c., a lattice made of different unit cells)
offering enhanced stress-strain curve tunability. Hence, the developed unit cells allow the ML
approach to capture diverse stress—strain curve paths while occupying nearly the full range of the
design space.

[0103] Training dataset generation

[0104] The developed architectural cells may be used to generate a training dataset containing
design parameters {Y} and their corresponding stress—strain curve features {X} (ic., {X}-{Y}
pairs). In embodiments, the variables ¢ (or ¥2) and #1/L1 (or ¥3) may first be discretized into a
number of intervals to create hundreds of basic architectural configurations. Each configuration
may be tessellated in three principal directions to create a 3D lattice digital model with the overall
dimension of 20 x 20 x 20 mm? (two unit cells in each orthogonal direction). In embodiments, three
samples may be fabricated for each digital model using digital light 3D printing with a brittle
polymer. In embodiments, stress—strain curves of the as-printed lattice samples may be measured
by monotonic compression and cyclic compression experiments. The measured stress—strain curve
of each architectural configuration may then be parameterized into 46 curve feature variables {Xi,
i=1.. 46} and paired with the corresponding design parameters {¥1}, leading to, for example,

1212 {X}-{Y} pairs in a pristine dataset. As these pairs provide links between the curve features of
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the experimentally measured curves and the corresponding lattice designs, the training dataset, an
advantage of this training method is that it accounts for process variability (e.g., uncertainty and
imperfections) stemming from fabrication and experimental measurements.

[0105] In embodiments, as the forward module performs “many-to-one” mapping, data
augmentation may be carried out on these pairs to account for prediction fluctuation and to achieve
satisfactory prediction accuracy (e.g., >90% accuracy). Augmentation may result in a greater
number of pairs in an augmented dataset. For example, augmentation of 1212 {X}-{Y} pristine
pairs may result in in 9360 {X}-{¥} pairs in the augmented dataset. In embodiments, data
augmentation may include generating new datasets with normalized values based on the pristine
dataset. In embodiments, the curve type (7ere) may be added into {X}, and may represent linear,
plastic yielding, buckling and multiple peak-and-valley response curves. In embodiments, one-hot
coding may be used (e.g., such that [1,0,0,0] may correspond to a linear curve type) to encode the
curve type.

[0106] Machine learning model training

[0107] In embodiments, for training of the generative ML pipeline, the forward module with the
augmented dataset may be trained first. In embodiments, the forward validation module predicts
the curve type (via a curve type classifier) and curve features {X*} (via a curve feature regressor)
of a given lattice design. In embodiments, the forward validation module includes more than one
model (e.g., it may include five models). In embodiments, the models comprise one or more layers
of hidden neurons, with larger numbers of neurons increasing the accuracy of the design. In
embodiments, the forward module acts as a surrogate model that replaces the conventional
simulations used to evaluate the responses of a design. In embodiments, the models are trained
using the augmented dataset. An exemplary training set consists of 70% the augmented dataset. In
embodiments, a stochastic gradient descent optimizer is be used to minimize the error between

predicted and target curve types.
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[0108] An advantage of the present invention is that simulation times may be reduced. For
example, as compared to conventional simulation typically requiring hours to compute the
mechanical behavior of a 3D lattice design, the forward module may take seconds to evaluate the
mechanical behavior, which can greatly shorten the time span of the entire design process.

[0109] In embodiments, once the forward module is trained, this module may be kept frozen (i.c.,
the weight and bias parameters of all surrogate models are fixed) and then used to train the inverse
prediction module with the pristine training dataset. In embodiments, in the training process of the
inverse module, the cost function f¢ = (X* — X")2, which evaluates the difference between the
predicted stress—strain curve features {X'} and the target curve features {X'} for a given
architecture {¥'}, may be used to optimize the hyperparameters of all the NN models. An advantage
of doing so is that it may limit instability during training and prevent {¥} from becoming a
meaningless latent space variable.

[0110] Inverse design based on various stress—strain curves

[0111] FIG. 3A depicts target and measured curves in accordance with embodiments of the present
invention based on monotonic compression loadings. FIG. 3B depicts target and measured curves
in accordance with embodiments of the present invention based on cyclic compression loadings.
FIGs. 3A and 3B are based on representative target stress—strain curves representing various
compressive mechanical responses, spanning linear elastic behavior followed by either a negative,
nearly zero, or positive tangent modulus to a multislope tangent modulus, in response to monotonic
(I ~1V, FIG. 3A) and cyclic (V ~ VIII, FIG. 3B) compression loadings. As shown by legend 302,
the solid curves denotes the target curves (input), whereas the dashed curves represent selected
measured curves (output) of the printed samples. The uncertainty region, the area within the dotted
lines, covers the distribution of ten experimentally measured curves, illustrating process variability.

The normalized root-mean-square error (NRMSE) quantifies the curve similarity between the
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target and all the measured curves, with 0 corresponding to an identical curve pair, and 1
corresponding to a completely dissimilar curve pair.

[0112] FIG. 3C depicts photographs of the printed samples inversely designed by the machine
learning predicted design parameters for the target curves in accordance with the present invention.
The scale bar 304 (white) is 10 mm. The photographs (I-VIII) correspond to the graphs of FIG. 3A
and 3B.

[0113] In embodiments, the ML approach is used to create the inverse design of representative
stress-strain curve paths of a cellular solid subjected to monotonic and cyclic compression. As
illustrated in FIGs. 3A and 3B, in embodiments, target curve paths include (i) a lincar-clastic
section followed by an negative stiffness section, depicting buckling (cases I and V); (i1) linear-
elastic sections followed by positive and nearly zero stiffness sections, illustrating strain hardening
and plateau regions, respectively (cases II and VI); (ii1) a linear-clastic section followed by
immediate fracture, characterizing brittle behavior (cases III and VII); and (iv) a linear-elastic
section followed by controlled post-buckling, showing a snap-through response (cases [V and VII).
In embodiments, these target curve paths (dark, solid curves) may be significantly different from
any curves in the training dataset, suggesting that the ML approach of embodiments of the present
mvention does not rely upon explicit prior knowledge of these curves.

[0114] As an example, the curve paths were fed into the ML pipeline to obtain the optimal design
parameters, from which ten samples for each curve path were additively manufactured via the same
3D printing apparatus used for the training database generation. Exemplary representative printed
samples and the predicted optimal design parameters are shown in FIG. 3B. Exemplary results of
the inverse design of the representative stress-train curve paths are shown in FIGs. 3A and 3B.
FI1Gs. 3A and 3B depicts the best matching curve (black dotted curve) from ten measured stress-
strain curves for each case as compared against the corresponding target curve (gray solid curves),

and the uncertainty zone, describing the distribution of the test curves from ten printed samples,
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represents manufacturing variability. As depicted, there is a high degree of similarity between the
target curve and best matching curve for all cases (highlighted by the computed normalized root-
mean-square error close to zero, e.g., less than .15), showcasing that the presently described
method automatically takes into account various manufacturing defects in stereolithography,
which may vary sample by sample and even strut by strut. This scope is very challenging or
impractical to capture with other approaches, such as topology optimization, and represents an
advantage of embodiments of the present invention over conventional approaches [24].

[0115] The ML approach of embodiments of the present invention is also applicable to other AM
platforms exhibiting larger process variabilities with minimal decreases in reliability. In exemplary
embodiments, when the process variability (7), defined as the ratio of the deviation to averaged
value of mechanical properties of printed samples, increases by a factor of ~2.6, which makes the
printing process comparable to that of the selective laser sintering process [29-32], the overall
prediction accuracy of the present ML approach is reduced by only ~7%, resulting in an acceptable
uncertainty region for the inverse design. While accuracies for recreating materials in response to
larger processing errors could be compensated by incorporating larger training data sets,
augmenting data and utilizing noise filtering and smoothing to eliminate irrelevant information,
other manufacturing defects, such as anisotropy, porosity, shrinkage and micro-structural evolution
that are unique to metal additive manufacturing is not accounted for in the present method.

[0116] Tailorability of stress—strain curves

[0117] FIGs. 4A-4D relate to the design process, printing and testing of an architected midsole
design in accordance with embodiments of the present invention.

[0118] FIG. 4A depicts the tailoring process to improve the energy absorption behavior for the
architected midsole design in accordance with exemplary embodiments of the present invention.
[0119] FIG. 4B illustrates relative load distribution of the midsole during running [32]. FIG. 4C

illustrates a photograph of a midsole sample designed and printed in accordance with exemplary
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embodiments of the present invention. In FIG. 4C, each section was designed to exhibit disparate
target behaviors. The scale bar is 10 mm.

[0120] FIG. 4D illustrates a series of target and measured stress—strain curves of an architected
shoe midsole sample designed and printed in accordance with the present invention.

[0121] In embodiments, architected materials that meet multiple target properties may be inversely
designed via graphically tailoring curve features of a target stress—strain curve, for example by
adjusting stiffness, peak stress, compressibility, and/or nonlincar response (see, e.g., tailoring
image 400 of FIG. 4A). In embodiments, a user may perform these adjustments manually (e.g.,
using feature tuning 402, to give an example) or they may be performed by a computing device.
[0122] In an illustrative embodiment, the present invention was used to design an architected shoe
midsole by graphically tailoring stress—strain curves measured from a commercial midsole (i.e.,
baseline curves 406 of FIG. 4A, and baseline curves 482, 484, 846, 488 of FIG. 4D) for enhanced
running performance. In this example, a midsole 410 was partitioned into four sections (toe 420,
forefoot 430, midfoot 440, and heel 450) based upon different levels of loads observed during heel-
toe running [33] (see FIG. 4B), and the target stress-strain curve for each section was created by
tailoring a baseline curve for the purpose of maximizing running propulsion and cushioning (FIG.
4A, 4D). The baseline response of the commercial midsole for each section (baseline curves 482,
484, 486, 488) was tailored to achieve a specific design target aiming at an improved running
performance (see, e.g., target curve 404 of FIG. 4A, and target curves 491, 493, 495 and 497).
Legend 499 of FIG. 4D shows that baseline curves from a commercial midsole are dashed, target
curves are solid, and tested curves are dotted.

[0123] In the example, the tailored midsole 410 consists of a stiff but comfortable toe section 420,
firmer and higher propulsion forefoot section 430, and stiffer yet energy dissipative heel section
450. In embodiments and in this example, the target curves are scaled according to the scaling

relationship of the base material (TMPTA) between strain rate and its mechanical properties so that
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dynamic responses in running scenario can be inversely designed using quasistatic training data.
The tailored / target curves were then fed into the machine learning modules in accordance with
embodiments of the present invention, and the predicted designs were verified via experiments to
determine stress and strain (see tested curves 492, 494, 496 and 498 of FIG. 4D). A fabricated
midsole sample 460 with optimal design parameters for each section is shown in FIG. 4C. As shown
in FIG. 4D by charts 472, 473, 474, and 475, corresponding to measurements of the toe 420,
forefoot 430, midfoot 440, and heel 450, the experimentally tested curves 492, 493, 494, and 496
displayed excellent agreement (>90% average prediction accuracy) between target curves 491, 493,
495, and 497, respectively, of each tailored section, indicating that the ML pipeline is capable of
creating materials satisfying multiple tailored mechanical responses under different loading
conditions.

[0124] Enhanced tailorability via compound lattices

[0125] FIG. 10 depicts illustrative stress-strain capability of compound latices in accordance with
embodiments of the present invention. FIG. 10 includes an illustrative comparison 1000 of stress-
strain curves corresponding to compound lattices 1010 (e.g., compound lattices 1012, 1014, and
1016) created with superposed design gradients and uniform lattices 1020 (e.g., uniform lattices
1022, 1024, 1026). This illustrates the tailorability of aspects of the present invention.

[0126] In embodiments, the inverse design of architected materials include advanced curve
features that do not exist in natural materials, such as variable tangent modulus, controllable
softening/hardening effects, and multiple peaks and valleys. These curve features may offer
improved crushing behavior and energy absorption performance and in embodiments may be
realized by inversely designing compound lattices (non-uniform lattice comprised of design
parameters varying by location, such as compound lattices 1010) with tailorable mechanical
behaviors that go bevond mechanical responses from uniform lattices (lattice materials comprised

of identical unit cells throughout the lattice, such as uniform lattice 1020). In embodiments, a
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traning dataset is used for training one or more machine learning modules which includes
compound lattices (¢.g., compound lattice 1010, to give an example) made of a flexible polymeric
base material via FE simulations.

[0127] In embodiments, instead of, or in addition to, being represented by uniform design
parameters, compound lattices are described by variation of design parameters (topology or design
gradients) within a confined lattice volume, such as the unit cell type, strut aspect ratio, inclined
strut diameter, and cell size gradients. [n embodiments, the design gradients may be characterized
by different spatial directional vectors (¢.g., linear, concentrical, diagonal, and cylindrical, to name
a few). In embodiments, the pristine and augmented training set include data representing
compound lattices and stress-strain curves generated thercon. In embodiments, to adopt the
structure of the gradient labels, a sequential integrated strategy for the inverse design process is
deployed, as discussed further with respect to FIG. 11.

[0128] FIGs. 5A-5F illustrates enhanced stress-strain curve tailorability through compound lattice
creations using superimposed design gradients in accordance with embodiments of the present
mvention.

[0129] FIGs. 5A-5C illustrate three sets of target stress—strain curves in accordance with
embodiments of the present invention. In FIG. 5A, the set of curves 501-503 represents the
tailorability of the tangent modulus. In FIG. 5B, the set of curves 504-506 represents that of the
first peak stress and subsequent negative stiffness. In FIG. 5C, the set of curves 507-509 represents
that of the second peak stress. 3D digital models 511-519 in FIGs. SA-5C represent compound
lattices inversely designed by the ML-predicted design gradients for the target curves 501-509 (e.g.,
3D digital model 511 corresponds to target curve 501, digital model 512 corresponds to target curve
512, etc.). Respective coefficients of variance 521-529 characterize the spread of the corresponding

design gradients.
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[0130] FIGs. 5A-5C demonstrate the inverse design of advanced curve features. As an example,
three sets of stress-strain curves may be fed into the ML pipeline separately, where each set focuses
on separately tailoring tangent modulus (curves 501, 502 and 503), first peak stress (curves 504,
505, and 506), and second peak stress (curves 507, 508 and 509). The corresponding inversely
designed 3D digital models describing compound lattices (511-513, 514-516, and 517-519,
respectively) and the spreads of their gradient labels (G/-G4) describing the variation of the
gradient labels within the lattice in terms of the coefficient of variance (COV) (521-523, identified
by legend 570, 524-526, identified by legend 572, and 527-529, identified by legend 574) are also
presented in the figure. The ML-predicted results reveal that manipulating pairs of gradient labels
independently modulate advanced curve features, including multiple peak stresses and signs of the
tangent modulus, allowing for fine control of a variety of sectioned stress—strain curves (FIG. 5A-
C). For example, in the case of tuning tangent modulus (FIG. 5A), there was negligible variation
in unit cell (G7) and strut radius ratio (G2) gradients, indicating the sign of the tangent modulus is
mainly controlled by a combination of the inclined strut radius (G3) and unit cell size (G4)
gradients. Similarly, G1 and G2 together modulated the first peak stress (FIG. 5B). Additionally,
in the case of tuning second peak stress (FIG. 5C), significant variation in G2 was observed while
the other three gradients remained almost the same, indicating G2 were mainly responsible for the
second peak stress manipulation,

[0131] FIGs. 5D-5F are an experimental demonstration of tailored stress—strain hysteresis loops
displaying deformations at different strains in accordance with embodiments of the present
mvention. The stress—strain hysteresis loop 532 in FIG. 5D was tailored to a loop 542 exhibiting
negative stiffness in FIG. 5E and further tailored to a loop 552 exhibiting multiple stress peaks in
FIG. 5F. The target curves (334, 544, 546) and photographs (536, 546, 556) of the as-fabricated,

ML-designed compound lattices are shown.
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[0132] Employing the present invention resulted in experimentally measured target curves (534,
544, 554) and the primary graphs (530, 540, 550) show the recreated stress—strain curves (532, 542,
552) of the predicted designs (536, 546, 556). As demonstrated by FIG. 5D, in embodiments, for
the target curve 534 with a nearly zero tangent modulus, the predicted gradient labels indicated
minimal variation, and homogeneous deformation of a designed compound lattice was observed.
Next, as shown in FIG. 5E, target curve 544 was tailored to exhibit a negative tangent modulus
after the first peak. The measured mechanical behavior 542 reveals localized nonaffine deformation
and corroborates the role of the gradient labels discussed earlier; the first peak stress was dominated
by G1 and G2, followed by a subsequent shifting/snapping event with a negative tangent modulus
controlled by G3 and (4. In embodiments, as shown in FIG. 5F, the target curve 554 shown may
be further tailored to contain a second peak stress, while keeping all preceding curve features, as
depicted by the measured curve 552. The predicted gradient labels included a change in G2 (~50
%) substantially different from that of the former lattice shown in FIG. 3E, confirming the role of
this gradient in peak stress manipulation.

[0133] An advantage of embodiments of the present invention is that these advanced, inversely
designed stress—strain curves featuring successive peak stresses and coordinated collapse
mechanisms together with tailored softening effects may make the inversely designed compound
lattice (e.g., as printed in model 556) shown in FIG. 5F an excellent candidate for ML-designed
custom padding materials for energy absorption. In experimental embodiments, drop tests
conducted on the sample revealed that the measured acceleration and potential energy due to impact
were reduced by ~30 % and ~25 %, respectively, as a result of the compound lattice. In
experiments, the compound lattice achieved energy absorbing performance outperforming that of
previously reported lattice materials [34-40].

[0134] Sample fabrication
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[0135] In embodiments, lattices may be created as 3D digital models using commercial computer-
aided design (“CAD”) software (c.g., Autodesk Inventor 2022). Different base material may be
used in modelling and in fabrication. For example, in embodiments, two distinct base materials
may be used for fabrication, where cach base material is assigned to a unique dataset. In
embodiments, a brittle base material, denoted by TMPTA, includes a photosensitive resin
consisting of trimethylolpropane triacrvlate (Sigma—Aldrich Inc., St. Louis, MO) with 0.0125 wt%
photoabsorber and 2 wt% phenylbis (2.4,6-trimethylbenzoyl) phosphine oxide photoinitiator
(Sigma—Aldrich Inc., St. Louis, MO). In embodiments, a flexible base material includes a
commercial resin (¢.g., Flexible 80A, Formlabs Inc., Somerville, MA). In embodiments, a digital
light 3D printer (e.g., Anycubic Photon S, Anycubic Inc., Shenzhen, China) is used to fabricate
brittle samples using TMPTA. In embodiments, a customized projection stereolithography system
may be built and used for printing flexible samples. In embodiments, a number of samples (¢.g., at
least three samples) for each model are tested during a validation process. In embodiments, once
fabricated, all samples are cleaned (e.g., with ethanol and dried in a dark environment for 24 hours).
[0136] Experimental testing

[0137] Experimental testing was performed to verify the effectiveness of the present invention. All
compression tests were performed by using the Instron 5944 universal testing machine (Instron
Corporation, Norwood, MA). The printed lattice samples were compressed between the stationary
and moving steel plates of the Instron 5944 universal testing machine. The loads were measured
by the Instron load cell with a load capacity of 2000 N (serial no.: 150821), and the displacements
were measured by the built-in encoder associated with the crosshead movement. For the monotonic
compression test, stress—strain curves of the samples were recorded up to the onset of the first
appearance of failure. For the cyclic compression test, hysteresis loops with three different strain

levels were recorded while ensuring elastic recovery of the samples. Stress was computed as the
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measured load divided by the effective area (Llattice)’, and strain was calculated as the
displacement divided by Llattice, where Llattice refers to the side length of the sample.

[0138] Drop tests were performed by dropping a dead weight (mass m of 500 g) onto the test
samples from different heights, 4. The sample size used in the drop tests was nominally 60 x 60 x
60 mm® in volume. The drop height was between 50 and 150 mm to measure energy absorption
while preventing damage to the test samples. The impact force was recorded by a force transducer
fixed directly underneath the bottom of a flat, rigid steel plate. The transmitted force was measured
in a similar manner but with the sample fixed on the top of the rigid plate. Both measurements were
taken at a sampling rate of 100 Hz using the Instron data acquisition hardware. Impact acceleration
was calculated using Newton’s second law, a = F/m, where F is the measured force and m is the
mass of the dead weight. The potential energy was computed as P = Fh.

[0139] ML model setups and evaluation

[0140] In embodiments, the ML models in the inverse prediction module and forward validation
module may be implemented using NN models (e.g., a generative model and surrogate model,
respectively) on software (¢.g., Python 3.7). During training, hyperparameter settings for all models
may be optimized by a stochastic gradient descent (SGD) optimizer. In experimental testing,
through a 10-fold cross-validation technique with all training data instances (equivalent to a
training/testing split ratio of 70:30 with interchangeable switching of the training and testing sets),
the ML models built with optimized hyperparameters showed a prediction accuracy of ~90 percent
on average.

[0141] Sequential integration strategy for compound lattice prediction

[0142] FIGs. 11A and 11B depict a sequential integration strategy for compound lattice generation
and training set generation in accordance with exemplary embodiments of the present invention. In
embodiments, a number of compound lattices are generated within a specified domain for training

dataset generation. In embodiments, the stress-strain curves generated in response to a quasi-static,
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monotonic compression are estimated by using simulations. As depicted in FIG. 11A, each
simulated curve may then be digitized into 46 curve features and used as the input data of the ML
model. In embodiments the machine learning model generates four predicted design gradients 1120
for each curve, for example, unit cell topology 1122 ((;), strut radius ratio 1124 ((2), inclined strut
radius 1126 (G3s), and unit cell size 1128 (Gy).

[0143] In embodiments, as depicted in FIG 11B, a sequential integration strategy 1130 is adopted
for inverse design of compound lattices (i.¢., lattices with dissimilar unit cells), where a subset of
previously predicted design gradients may be utilized as part of the input in subsequent prediction
stages. Specifically, in embodiments, in the first step of training of the ML model comprising two
classifiers (e.g., topology classification 1132 and unit cell size classification 1138) and two
regressors (e.g., strut radius ration regression 1134 and inclined strut radius regression 1136), the
unit cell gradient (G) 1s first be estimated via a classifier (e.g., topology classification 1132) for
curve features {X} (e.g., features 1110) parameterized from a target stress—strain curve. In
embodiments, a compound descriptor combining {X} and the predicted 1 is then used to determine
the strut radius ratio gradient ((2) via regression (e.g., strut radius ration regression 1134). In
embodiments, a subsequent regression task (e.g., inclined strut radius regression 1136) is then
performed to estimate the inclined strut radius gradient ((3) using another compound descriptor
combining {X} and the predicted G and G, As the last step, the unit cell size gradient (G4) may
be classified by using a compound vector composed of {X} and the predicted G1, G2 and Gz (e.g.,
unit cell size classification 1138). This exemplary embodiments process follows steps (1) through
(w): (1) CIX)—Gl1; (u) RIX, G1)—=G2; (1) R2(X, G1, G2)—G3; and (iv) C2(X, G1, G2,
(3)—G4, where C and R denote classification and regression, respectively.

[0144] In embodiments, as shown in FIG. 11B, the output of the modified sequential integrated
ML strategy for inverse design of compound lattices (e.g., the design gradients Gy, G2, G3, and Gy)

i1s compressed. In particular, in embodiments, matrices and vectors representing the design
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gradients associated with a compound lattice are compressed into a 1x82 compressed vector. In
embodiments, each of the topology-gradient (G;), the strut radius ratio-gradient (), the inclined
strut radius-gradient ((3), represented by the 3x3x3 matrix representation, are first converted into
a 1x27 vector. In embodiments, The unit cell size gradient (Gy) is described by the 1x3 vector
representation denoting the four sequence-independent possibilities varying from 1 to 4. In
embodiments, the vectors / classifier(s) are then compressed together to form a 1x82 vector.
[0145] Referring back to FIG. 11A, in embodiments, a predicted and/or inversely designed
compound lattice may be superposed with the predicted design gradients 1120 to form an inversely
designed compound lattice 1150. In embodiments, the inversely designed compound lattice 1150
includes distinct cell types, such as cell type 1152 (A), 1154 (B) and 1156 (C). In embodiments,
the inversely design compound lattice 1150 is then printed and tested. In embodiments, the test
results are used to generate achieved response 1114. In embodiments, the training set for the
machine learning model is generated or augmented using features 1110 of the target response 1112,
the achieved response 1114, other aspects of the achieved response and target response, and
evaluations of the achieved response 1114 in relation to the target response 1112 (such as
determining dissimilarity using a normalized root mean square error calculation). In embodiments,
evaluations are based on one or more features. In embodiments, evaluations are based on the
entirety of the curves. In embodiments, the inversely designed compound lattice may be tagged
based on evaluations. In embodiments, one or more predicted design gradients may be tagged based
on evaluations.

[0146] Finite clement (FE) simulations

[0147] In embodiments, FE simulations of the stress—strain curves of lattices may be conducted
using ABAQUS 6.14. Lattices at low- and mid-relative densities (p < 0.15) may be discretized
using 2-node linecar Timoshenko beam elements (B31 of ABAQUS), whercas second-order

tetrahedral elements (C3D10M of ABAQUS) may be used to discretize lattices at higher relative
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densities (p> 0.15), in part because the beam element may not be capable of accurately describing
the warping of cross-section of stubby struts whereas 3D stress element is more able to precisely
capture the deformation of the lattices with high relative densities [42]. In embodiments, each strut
may be modeled by between 15 and 30 elements depending on its length. Each lattice may be
compressed between a fixed and a moving, flat, rigid surface discretized by rigid bilinear
quadrilateral elements (R3D4 of ABAQUY). In embodiments, an explicit solver may be used while
keeping the kinetic energy less than 1 % of the total internal energy to ensure a quasistatic loading
condition. A 10% percentage of mode shapes (eigenmodes) of the lattice may be applied to the
simulation to prevent bifurcation issue at the buckling point, which in some circumstance may
cause non-convergence solution in the numerical analysis. Contact effects may be modeled using
a hard contact behavior for the normal direction and finite sliding in the tangential direction with a
coefficient of friction of 0.8. In embodiments, for the constituent material models, TMPTA, used
to create periodic lattices, may be modeled as an elastic—plastic material (a short plastic region after
linear-clastic region representing brittle fracture) with isotropic hardening, Poisson’s ratio vs of 0.3,
and a fracture strain of 0.044. Formlabs Flexible, used to create compound lattices, may be modeled
as a lincar clastic material with Poisson’s ratio vs of 0.48 and a fracture strain of 0.424.
Experimental testifying verified these exemplary material models by the measured tensile response
of the dogbone test samples printed with such base materials.

[0148] Now that embodiments of the present invention have been shown and described in detail,
various modifications and improvements thereon can become readily apparent to those skilled in
the art. Accordingly, the exemplary embodiments of the present invention, as set forth above, are
intended to be illustrative, not limiting. The spirit and scope of the present invention is to be

construed broadly.
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CLAIMS

What is claimed 1s:

1. A method for designing and generating a target with customizable architecture
including:
a) obtaining, by a first machine learning module, a set of target stress-strain curve
features characterizing a target stress-strain curve;
b) generating a first output, by the first machine learning module trained using a
first training set, based on a first query, wherein:
1) the first query includes the set of target stress-strain curve features;

11) the first output includes sets of digital design parameters for printing the
metamaterial target using a 3D printer, wherein each of the sets of digital
design parameters includes:

1) for each cell, a cell type denoting a category of unit cell, and a
characteristic angle specifying an orientation of struts of each
cell in the category, and a radius-to-length ratio of an inclined
strut representing the solid-to-air ratio of the unit cell; and

2) adesign lattice structure utilizing each cell; and

3) abase material type; and

4) agradient; and

ii1) the first training set includes a first plurality of training stress-strain
curve features and respective associated design parameters sets;
c) obtaining, by a second machine learning module, the sets of digital design
parameters;
d) obtaining, by the second machine learning module, a subset of the set of target

stress-strain curve features;
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e) generating a second output, by the second machine learning module trained
using a second training set, based on a second query, wherein:
1) the second query includes the sets of digital design parameters and the
subset of the set of target stress-strain curve features;
11) the second output includes respective sets of stress-strain curve features
characterizing a predicted stress-strain curve;
ii1) the second training set includes a second plurality of training stress-
strain curve features and respective associated design parameters sets;
f) determining, by the second machine learing module, an optimal set of design
parameters of the sets of digital design parameters; and
g) printing or causing to print, by a 3D printer, the metamaterial target, based on
the optimal set of design parameters.
2. The method of claim 1, wherein the target stress-strain curve is a user-defined target
stress-strain curve.

The method of claim 2, wherein the user-defined target stress-strain curve is drawn by

98]

a user.

4. The method of claim 2, wherein the user-defined target stress-strain curve 1s uploaded
by a user.

5. The method of claim 2, wherein the user-defined target stress-strain curve is input by a
user.

6. The method of claim 1, wherein the sets of digital design parameters are transmitted
from the first machine learning module to the second machine learning module.

7. The method of claim 1, wherein the subset of the set of target stress-strain curve features

includes one or more features corresponding to load type.
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8. The method of claim 1, wherein the first machine leaming module includes an inverse
prediction module.

9. The method of claim 1, wherein the second machine learning module includes a
forward validation module.

10. The method of claim 9, wherein the forward validation module includes a curve type
classifier and a curve feature regressor.

11. The method of claim 1, wherein the printing step is further based on printing
parameters.

12. The method of claim 11, wherein the printing parameters include a minimum feature
size and a maximum print volume of the 3D printer.

13. The method of claim 1, wherein the base material type may be selected from a list of
materials.

14. The method of claim 1, wherein the first training set includes data augmented from a
pristine data.

15. The method of claim 1, wherein the second training set includes pristine data.

16. The method of claim 1, wherein the second plurality of training stress-strain curve
features and respective associated design parameters sets includes a subset of the first
plurality of training stress-strain curve features and respective associated design
parameters.

17. The method of claim 1, wherein the generating step e) 1s iterated.

18. The method of claim 1, wherein the method is iterated based on testing of the target.

19. The method of claim 1, wherein the target is a metamaterial target.

20. The method of claim 1, wherein the optimal set of design parameters is the set of design
parameters associated with the lowest normalized root mean square error between the

predicted stress-strain curve and the target stress strain curve.
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21. A computer system for designing and generating a target comprising one or more
processors operably connected to one or more memories, the one or more memories
containing computer-readable instructions, then when executed, cause the one or more
processors to perform the method of:

a) obtaining, by a first machine learning module, a set of target stress-strain curve
features characterizing a target stress-strain curve;,
b) generating a first output, by the first machine learning module trained using a
first training set, based on a first query, wherein:
1) the first query includes the set of target stress-strain curve features;

11) the first output includes sets of digital design parameters for printing the
metamaterial target using a 3D printer, wherein each of the sets of digital
design parameters includes:

1) for each cell, a cell type denoting a category of unit cell, and a
characteristic angle specifying an orientation of struts of each
cell in the category, and a radius-to-length ratio of an inclined
strut representing the solid-to-air ratio of the unit cell; and

2) adesign lattice structure utilizing each cell; and

3) abase material type; and

4) agradient; and

iii) the first training set includes a first plurality of training stress-strain
curve features and respective associated design parameters sets;

¢) obtaining, by a second machine leaming module, the sets of digital design
parameters;
d) obtaining, by the second machine learning module, a subset of the set of target

stress-strain curve features;
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e) generating a second output, by the second machine learning module trained
using a second training set, based on a second query, wherein:
1) the second query includes the sets of digital design parameters and the
subset of the set of target stress-strain curve features;
11) the second output includes respective sets of stress-strain curve features
characterizing a predicted stress-strain curve;
ii1) the second training set includes a second plurality of training stress-
strain curve features and respective associated design parameters sets;
f) determining, by the second machine learing module, an optimal set of design
parameters of the sets of digital design parameters; and
g) transmitting, to a 3D printer, the metamaterial target, based on the optimal set

of design parameters.
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From Fig. 11A
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Modified sequential integrated ML strategy 1130

Topology (G;) Strut radius ratio (G,) Inclined strut radius (Gs) Unit cell size (G,)
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Design gradients in 1x82 compressed vector 140

Fig. 11B
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