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ABSTRACT

The focus of goal-oriented materials design is to find the necessary chemistry/processing conditions to
achieve the desired properties. In this setting, a material’s microstructure is either only used to carry out
multiscale simulations to establish an invertible quantitative process-structure-property (PSP) relation-
ship, or to rationalize a posteriori the underlying microstructural features responsible for the properties
achieved. The materials design process itself, however, tends to be microstructure-agnostic: the microstruc-
ture only mediates the process-property (PP) connection and is—with some exceptions such as architected
materials—seldom used for the optimization itself. While the existence of PSP relationships is the central
paradigm of materials science, it would seem that for materials design, one only needs to focus on PP
relationships. In this work, we attempt to resolve the issue whether ‘PSP’ is a superior paradigm for
materials design in cases where the microstructure itself cannot be (directly) manipulated to optimize
materials’ properties. To this end, we formulate a novel microstructure-aware closed-loop multi-fidelity
Bayesian optimization framework for materials design and rigorously demonstrate the importance of the
microstructure information in the design process. The problem considered here involves finding the right
combination of chemistry and processing parameters that maximizes a targeted mechanical property of a
model dual-phase steel. Our results clearly show that an explicit incorporation of microstructure knowl-
edge in the materials design framework significantly enhances the materials optimization process. We
thus prove, in a computational setting, and for a particular representative problem where microstructure
intervenes to influence properties of interest, that ‘PSP’ is superior to ‘PP’ when it comes to materials
design.

© 2021 Acta Materialia Inc. Published by Elsevier Ltd. All rights reserved.

1. Introduction

complex hierarchical system ultimately described by linkages along
the PSP chain [6-8,10-13]. In theory, then, materials design occurs

Further advancement of numerous important technologies [1-
3] depends on the discovery and development of enabling ma-
terials [4,5]. Historically, materials development has advanced
through a mix of Edisonian approaches and serendipity. Yet, the
need to increase the rate at which materials are developed de-
mands a much more focused and goal-oriented exploration of
the material design space through experimental, computational,
and/or data-driven methods [6-9]. The central paradigm of goal-
oriented materials design [6] is to understand and then exploit
processing/chemistry - microstructure - property (PSP) relation-
ships (Fig. 1). Within this paradigm, a material is treated as a
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when such PSP relationships are inverted to map desired proper-
ties to the required chemistry and processing protocols through
optimal microstructures [4,8,9,14-18]. Despite the theoretical im-
portance of microstructural information to materials design, it is
worth examining to what extent such information truly accelerates
the materials development process, in practice [9].

In a computational setting, virtual PSP chains are built to estab-
lish quantitative relationships connecting inputs (i.e., chemistries
and/or process protocols) to outputs (i.e. properties). While mi-
crostructures mediate these connections, microstructural features
are not directly manipulated to achieve the desired properties. We
note that in a virtual material design setting, one could poten-
tially focus the optimization scheme on the microstructure itself.
However, this ‘microstructure-centric’ approach to materials design
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Fig. 1. Processing/Chemistry-Microstructure-Property (PSP) paradigm in materials
science. In the traditional, microstructure-agnostic, approach the microstructure in-
formation is not directly exploited for material design, as shown. While in the pro-
posed microstructure-aware approach the microstructure information is directly ex-
ploited for material design, and it is shown that this microstructure-aware approach
helps us arrive at processing/chemistry conditions that yield optimum properties
more efficiently than the traditional microstructure-agnostic approach.

runs the risk of identifying optimal, yet infeasible (or unattain-
able) microstructures. In an experimental setting, the degree to
which microstructure knowledge is exploited to carry out the de-
sign (or optimization) of a material is even more questionable.
After all, one could argue that one can treat the material’s mi-
crostructure as a ‘black box,” amenable for optimization by eval-
uating how changes in its inputs (i.e. chemistry and/or processing)
affect its outputs, without necessarily having to characterize/know
the state of the microstructure at every stage of the materials opti-
mization process. While the notion of microstructure-awareness has
been a central paradigm in materials optimization, in practice both
virtual and real efforts to optimize a material’s performance tend
to be microstructure-agnostic—see Fig. 1.

Microstructure-agnostic material design is the norm rather than
the exception, even in recent state-of-the-art successful materials
design examples [19-21]. For example, the authors in ref. [19],
experimentally designed a refractory high-entropy alloy with en-
hanced ductility by optimizing the material’s chemistry. Here, mi-
crostructure characterization was only used to gain understanding
and rationalize the impact of processing/chemistry on the mechan-
ical properties of the alloy a posteriori but was not explicitly used
to guide the step-by-step exploration of the material design space.
Similarly, the authors in ref. [20], experimentally designed a high-
strength, low-cost nanostructured beta-titanium alloy consisting of
homogeneous distribution of micron- and nano-scale -phase pre-
cipitates within the B-phase matrix. In this work, as in the previ-
ous example, analysis of the microstructure, after finding an opti-
mal property, was used to uncover the ultimate cause for the su-
perior mechanical properties. Yet again, microstructural informa-
tion was not explicitly used to guide the search for materials with
optimal mechanical response. Another example of such efforts in-
cludes the work by authors in ref. [21], who were able to identify
alloys defeating the strength-ductility trade-off by forming a dual-
phase microstructure through ‘phase metastability engineering.’ In
this case, the alloy design principle was based on a hypothesized
enhancing mechanism verified, a posteriori, via experimental char-
acterization.
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While the examples just described certainly expanded our
knowledge of the materials performance space by careful and
ground-breaking analysis of the connections between process-
ing/chemistry and resulting properties (i.e., analysis of the direct
PP relationships) mediated by the material microstructure, the lat-
ter was not used as a direct input in the materials design process.
Rather, an analysis of the material microstructure state was carried
out to explain the attained properties. Thus, even though our aspi-
ration as material scientists is to unravel the principles that govern
material properties and performance, from a practical engineering
standpoint, explicit knowledge of the microstructure does not ap-
pear to be a necessary condition for a successful materials design
campaign.

Given the centrality of PSP relationships to materials science
as a field, it is worth investigating whether microstructural infor-
mation can help us arrive at processing/chemistry conditions that
yield optimum properties more efficiently than otherwise. If the an-
swer ends up being negative, then, from an admittedly pragmatic
point of view, the argument for building explicit PSP relationships
as a necessary condition towards accelerated materials design is
not very strong. The microstructure state of the system, thus, can
be simply replaced by a ‘black box’ without affecting the outcome
of the design process i.e., identification of the region in the ma-
terial design space (processing/chemistry parameters) that yields
optimal properties. Knowledge of the microstructure then would
only serve to rationalize observations and augment our knowl-
edge of the material under investigation, rather than to assist in
the decision-making process as one navigates the material design
space. On the other hand, showing that microstructure information
can be explicitly exploited to accelerate the materials design pro-
cess through each step of the materials optimization cycle provides
a stronger footing to the notion of PSP relationships as the funda-
mental, exploitable, encoding of materials information relevant to
materials design.

In this work, we attempt to show how to formulate and solve
a microstructure-aware materials design problem while answering
the fundamental question whether microstructure information is
essential to materials design. In essence, we attempt to address
whether explicit inversion of PSP relationships is truly necessary
to optimize a given material, that is, whether PSP, rather than PP
(i.e., direct processing/chemistry - property) relationships need to
be learned and exploited in a specific closed-loop materials dis-
covery task. From a scientific perspective, understanding how mi-
crostructure information can be explicitly incorporated in materials
design can contribute to better understanding of PSP relationships,
while from a pragmatic standpoint, the answer to this question
can help develop better frameworks for materials design, including
newly proposed closed-loop autonomous materials research (AMR)
platforms [22,23]. As we will see below, our investigation provides
tantalizing clues as to the outcome of the PSP vs PP comparison, in
the context of materials design.

2. Overview of the present work

Herein, we carry out a rigorous analysis to probe the impor-
tance (if any) of the microstructure information in the materi-
als design process. The specific problem considered here involves
finding the right combination of material chemistry and process-
ing conditions that maximizes a target mechanical property of a
model dual-phase steel. We first solve this problem by following a
traditional microstructure-agnostic (Fig. 1) approach where the ma-
terial design space includes the material’s chemistry and process-
ing routes while the microstructure information is only used to
carry out multiscale (or multi-level) simulations to establish for-
ward quantitative PSP relationships. Next, we set up the same ma-
terial design problem by following a novel microstructure-aware
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Fig. 2. Schematic representation of the microstructure-agnostic and microstructure-aware closed-loop multi-information source Bayesian Optimization (BO) approach to de-
signing a model dual-phase (ferrite-martensite) steel. Here, X; corresponds to the input variables with T, being the intercritical annealing temperature, X¢, Xs; and Xy,
correspond to the molar fraction of carbon, silicon and manganese in the alloy, while the output, Xg, is the stress-normalized strain hardening rate ((1 /r)(dr /dspl), with 7

and &, being the flow stress and the plastic strain, respectively). Also, f™@" is the volume fraction and X" is the Carbon content of the martensite phase; while Xsf;e"r and

X,{;fn” are the Silicon and Manganese content, respectively, of the ferrite phase.

(Fig. 1) approach where the material design space not only in-
cludes the material’s chemistry and processing routes, but also in-
formation about the microstructure state of the material being op-
timized.

Note that apart from the explicit incorporation of the mi-
crostructure information in the material design space in the lat-
ter approach, the two approaches are essentially identical, with the
same inputs and the same quantitative PSP relationships. In order
to establish the microstructure-aware materials design protocol, it is
first necessary to decide how to incorporate microstructure infor-
mation within the design framework. This is not a trivial task for
a couple of reasons. First, microstructure is essentially causally re-
lated to the chemistry and processing routes, i.e., it is a dependent
variable(s). Second, explicit incorporation of microstructure infor-
mation in the material design space increases the dimensionality
of the problem and the complexity of the optimization task.

3. Methods

Our model material design problem involves finding the right
combination of the parameters in the input (design) space, X,
that maximizes the output (objective), Xq, Fig. 2. In this prob-
lem, the input space includes the processing condition (intercrit-
ical annealing temperature, Tj4) and the material chemistry (the
amount of alloying elements, carbon, X¢, silicon, X5;, and man-
ganese, Xy,); while the output is a targeted mechanical property
(stress-normalized strain hardening rate, (1/T)(d‘[/d8p,), with ©
and ¢, being the flow stress and the plastic strain, respectively) of
a model (ferritic-martensitic) dual-phase steel. The (1/7)(dz/dsy)
is an important mechanical performance indicator, as higher values
are associated with increased ductility and formability [24,25]. The

feasible input space for this design problem is considered bounded,
i.e, we consider a material system with carbon within 0.05 to
1 wt¥%, silicon within 0.1 to 2 wt% and manganese within 0.15 to
3 wt%, and intercritical annealing heat treatment within a temper-
ature range of 650 °C to 850 °C as processing parameters.

Next, we employ computational thermodynamics using a com-
mercial code Thermo-Calc™ as in refs. [18,26] to compute the mi-
crostructure (characterized by the volume fraction, f™t of the
martensite phase) and chemical composition (characterized by the
carbon content of the martensite phase, X", and silicon, Xsfie",

and manganese, X,&‘;”, contents of the ferrite phase) of the re-
sultant phases as a function of X;, Fig. 2. The details of the mi-
crostructure and chemical composition are then used to predict the
mechanical behavior of the dual-phase steel using five low-fidelity
micromechanical models. These are considered low-cost ‘informa-
tion sources’ within our multi-information source fusion BO frame-
work [27,28]. In addition, a high fidelity 3D microstructure-based
finite element model (®FE) is used as the ‘ground truth’ (Fig. 2).
The first three low-fidelity models, isotrain [29], isostress [30] and
isowork [31] assume that different mechanical quantities (strain,
stress and work of deformation, respectively) are equipartioned
among the different constituent phases of the microstructure. The
other two low-fidelity models, i.e. the secant method and the elas-
tic constraint models, are more complex micromechanical models
ref. [32]. The secant method is based on Hill's weakening con-
straint power in a plastically-deforming matrix. The elastic con-
straint model, on the other hand, is based on Kroner’s analysis of
the matrix-inclusion problem under elastic constraints [32]. The
‘ground truth’ (uFE model), on the other hand, utilizes a full-
field finite element analysis of a 3D representative volume element
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(RVE) of the material microstructure [18,33-35] constructed from
information about the phase fraction of the constituent phases
for a given chemistry-heat treatment combination. A typical finite
element mesh of the RVE employs 27,000 C3D8 brick elements
from the ABAQUS/standard element library [36], and is subjected
to a monotonically increasing uniaxial tensile deformation under
fully periodic boundary conditions. Readers are referred to refs.
[18,33] for a more detailed description of the «FE model.

The constituent phases, ferrite and martensite, are modeled
in the uFE simulation as isotropic elastic-plastic materials with
Young’s modulus of 200GPa and Poisson’s ratio of 0.3, and con-
stitutive relations (relating flow stress, T, equivalent plastic strain,
&pi, and the chemical composition, Xl.P , in weight fraction) as,

T = 5 + G (XM + G ()2 + KF (7)™ )
and

T =gl + C(XP) 2 + KM (P (2)
for the ferrite and martensite phases, respectively, with

1§ =200MPa, C5 =732MPa, Cy, =213MPa, KF =2200MPa,
n =05 1) =400MPa, C:=10°MPa, KM =450MPa and
nM = 0.06. The choice of the (representative) constitutive pa-
rameters in Eqs. (1) and (2) are based on the prior observations
that the strength of the martensite phase is predominantly re-
lated to its carbon content, and it does not exhibit significant
work-hardening; while the ferrite phase is softer compared to the
martensite phase and exhibits significant work-hardening and its
strength depends on its silicon and manganese contents [37-39].
The five (low-fidelity reduced-order) micromechanical models use
the constitutive relations as per Eqgs. (1) and (2).

As shown schematically in Fig. 2, the established PSP re-
lationship for the model dual-phase material can now be ex-
ploited using our recently developed closed-loop multi-information
source fusion (multi-fidelity) BO framework [18] to solve the goal-
oriented material design problem by either following the tradi-
tional microstructure-agnostic or a novel microstructure-aware ap-
proach. Here, we briefly describe our closed-loop multi-fidelity
BO framework with a focus on highlighting the differences be-
tween the proposed microstructure-aware approach and the tradi-
tional microstructure-agnostic approach. A more complete descrip-
tion of the closed-loop multi-fidelity BO framework can be found
in ref. [18]. In the microstructure-agnostic approach, the decision-
making process does not involve knowledge of the material’s mi-
crostructure and the optimization problem is simply posed as

X* = arg max X, (X) (3)
xeX

where x* is the optimal design vector within the feasible input
space, Xj = [Tja, Xc, Xsi, Xun]- In the proposed microstructure-aware
approach, on the other hand, the material design space not only
includes the material’s chemistry and processing conditions, but
also the microstructure information; and the decision-making pro-
cess explicitly involves the knowledge of the material microstruc-
ture and the optimization problem is posed as

K mart
X —arggl&fxo(x,f x)) (4)

with fM@ being dependent on the input vector, X.

The closed-loop multi-fidelity BO framework for both ap-
proaches first involves the construction of surrogate models for
the ‘information sources’ and ‘ground truth’ based on the current
knowledge of the design space. Herein, we utilize a Gaussian pro-
cess (GP) model with a squared exponential kernel as surrogate for
the ‘information sources’ and ‘ground truth’—in practice, there is a
wide range of potential kernels that can be used, depending on
our degree of knowledge of the function being modeled. GP mod-
els tend to be used as surrogates of black box functions due to
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their useful mathematical properties such as their ability to eas-
ily predict the mean and variance of the quantity of interest, as
well as the way in which correlations between points in the de-
sign space can be modeled through the covariance or kernel func-
tion [40]. The behavior of a GP surrogate model is controlled by
the hyperparameters of the kernel, and it is necessary to tune their
values based on the current knowledge of the input-output con-
nection. The optimum values of the hyperparameters in this work
are estimated by finding the maximum of the log marginal likeli-
hood. Note that the Gaussian process model for the microstructure-
agnostic approach correlates the input Xj to output Xq; while for
the microstructure-aware approach the input X; is augmented with
an extra dimension corresponding to the volume fraction of the
martensite phase, f™t to explicitly incorporate the microstruc-
ture information in the materials design process.

Since all the ‘information sources’ i.e., the low fidelity reduced-
order micromechanical models attempt to describe the relationship
between the material’s microstructural descriptors and the corre-
sponding mechanical behavior, one can expect that they would
be correlated with each other and with the ‘ground truth’ i.e.,
the uFE model. By exploiting these correlations through the ‘reifi-
cation’ process [28,41-43] we generate a fused Gaussian process
model. This model encodes our most up-to-date knowledge of the
correlation between the design space and the objective value. In
a multi-fidelity iterative design optimization problem, one needs
to answer two questions at every iteration: (i) which point in the
design/input space to query, and (ii) which ‘information source’ to
use to query the selected point. To determine this, we generate po-
tential sample design points using Latin hypercube sampling in the
input design space and evaluate them from each of the Gaussian
process models of ‘information sources’ and then construct a tem-
porary fused Gaussian process model for each ‘information source.’
Next, among these potential design points, we seek to identify the
design point and ‘information source’ to query such that it will re-
sult in maximum improvement in our knowledge of the maximum
objective value.

In this work, we use the Knowledge Gradient (KG) [44] as the
metric that quantifies the expected change in our knowledge of
the maximum value of the quantity of interest when evaluating a
potential design point with a given ‘information source’. We then
compute the Knowledge Gradient for the set of potential design
points on the temporary fused Gaussian process model of each ‘in-
formation source.” The best design point-‘information source’ pair,
X; —IS;,is the one that maximizes the KG and is thus selected for
the next query within the BO loop. Following this, we evaluate the
response of the selected ‘information source,” IS;, by computing the
input-output correlation at the selected design point, Xj. After this
evaluation, the GP emulating the selected IS; and the fused GP are
updated. Now, based on either a total budget or a fixed number of
queries, the ‘ground truth’ model («FE model) may also be queried
to update our knowledge of the objective value. Here, we query the
‘ground truth’ at every ten design iterations. Using this evaluation
of the ‘ground truth’ model, we update the Gaussian process model
of the ‘ground truth’ as well as the fused Gaussian process model.
This entire process is repeated until we reach the end of the opti-
mization which in this case is a preset number of design iterations.
Finally, at the end of the optimization, the best design point that
maximizes our objective function is reported.

4. Results

The material design problem of finding the right combination
of parameters in the input space, X = [Tja, Xc, Xsi, Xpyn |, that max-
imizes the output, Xo = [1/7(dz/dey)], of a model dual-phase
steel is solved using our closed-loop multi-fidelity BO framework
following both the traditional microstructure-agnostic and the novel
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Fig. 3. A comparison of the performance of the traditional microstructure-agnostic and the novel microstructure-aware material design approaches. (a) Comparing the maxi-
mum objective value found as a function of the number of design iterations for five realizations of the design process. (b) Comparing the average number of design iterations
required to reach an average maximum objective value over five realizations of the design process.

microstructure-aware approaches, as shown schematically in Fig. 2.
The first step to set up our design framework requires construc-
tion of Gaussian process models using the initial knowledge of
the X; — Xg correlation. To this end, we evaluate X; — Xg corre-
lation at ninety sets of randomly selected parameters in the input
space using computational thermodynamics and each of the low fi-
delity micromechanical models referred to as ‘information sources.’
Meanwhile, the X; — Xg correlation is evaluated at only five sets of
randomly selected parameters in the input space using computa-
tional thermodynamics and the high fidelity «FE model referred to
as ‘ground truth.’ To avoid any bias in the design process due to the
initial sets of randomly selected parameters in the input space, in
particularly that of the five sets evaluated using the ‘ground truth’
model, we carried out five realizations of the design process. A re-
alization here basically refers to different sets of initially known
five ‘ground truth’ X - Xg correlations.

The overall performance of the two materials design approaches
are compared in Fig. 3. The plot in Fig. 3(a), compares the max-
imum objective value (i.e., the stress-normalized strain harden-
ing rate) achieved as a function of the number of design itera-
tions for five realizations of the design process; while the plot
in Fig. 3(b) compares the average number of design iterations re-
quired to reach an average maximum objective value over five re-
alizations of the design process. In Fig. 3(a), the lines correspond
to the average values and the shaded regions represent the vari-
ance over the five realizations of the design process. As can be seen
in Fig. 3(a), at any design iteration, the maximum objective value
achieved using the microstructure-aware approach is greater than
that using the microstructure-agnostic approach. An alternate rep-
resentation of the same in Fig. 3(b) also shows that, on average,
far fewer design iterations are needed to obtain the same aver-
age objective value using the microstructure-aware approach com-
pared to the microstructure-agnostic approach. Furthermore, even
though after a large number (greater than 150) of design itera-
tions the predictions of the microstructure-agnostic approach tends
to catch up with those of the microstructure-aware approach, the
maximum objective value achieved by the microstructure-agnostic
approach at the end of the optimization (i.e., after 300 design it-
erations) is lower than the value achieved by the microstructure-
aware approach. Thus, the results presented here clearly demon-
strates that an explicit incorporation of the knowledge of the ma-
terial microstructure in the design framework not only accelerates

0.4

—Microstructure Aware
——Microstructure Agnostic

0.3

0.2

fmart

0.1

100 150 200 250
Iterations

50 300

Fig. 4. A comparison of the average value of the optimum microstructure parame-
ter (characterized by the volume fraction of the martensite phase, f™¥) predicted
by the traditional microstructure-agnostic and the novel microstructure-aware mate-
rial design approaches at each design iteration over five realizations of the design
process.

the materials design process but also results in comparatively
better design solutions.

Since the mechanical properties of a material are inherently
controlled by the microstructure, we now analyze how the two de-
sign approaches explore and converge in the material microstruc-
ture space during the design process. A comparison of the aver-
age value of the microstructural parameter, i.e. volume fraction
of the martensite phase, f™¥* that corresponds to the average
maximum objective value at each design iteration over five real-
izations of the design process as predicted by the microstructure-
agnostic and microstructure-aware design approaches are shown
in Fig. 4. As can be seen in the figure, even though both de-
sign approaches start the design process with the same knowl-
edge of the X; — Xg correlation, the value of f™m@ predicted by
the two approaches during early stages of the design process are
very different. The microstructure-agnostic approach initially pre-
dicts a very small value of f™¥* which then evolves as the de-
sign process/iteration continues and finally tends to saturate af-
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ter a large number (greater than 150) of design iterations. On
the contrary, the microstructure-aware approach predicts a value of
fmart that is close to the saturation value of f™@t predicted by the
microstructure-agnostic approach since the beginning of the design
process. This early knowledge of the feasible material’s microstruc-
ture space that corresponds to the maximum objective value en-
ables the microstructure-aware approach to be more efficient than
the traditional microstructure-agnostic approach.

Next, we compare the average values of the design (i.e., input)
variables, intercritical annealing temperature, and the amount of
alloying elements, carbon, manganese, and silicon that correspond
to the average maximum objective value at each design iteration
over five realizations of the design process as identified by the
microstructure-agnostic and microstructure-aware design approaches
in Fig. 5. In this particular problem, we note that irrespective of
the design approach, the framework is expected to converge into
a region rather than a unique point. This is because the objec-
tive value i.e.,, normalized strain hardening rate can be achieved
by more than one combination of the processing condition and
chemical composition [18]—this is due to the one-to-many map-
ping between materials properties and microstructures/chemistries
[45]. As can be seen in Fig. 5, although the two design approaches

are trying to maximize the same objective, they follow differ-
ent routes and also, on average, converge to different parameter
sets in the design space. For example, both microstructure-aware
and microstructure-agnostic approaches identify a similar intercrit-
ical annealing temperature in the early stages of the design pro-
cess, but the microstructure-aware approach explores more in this
design space in search of the optimum solution and finally con-
verges to a lower value compared to the microstructure-agnostic ap-
proach. On the contrary, the two approaches identify a very differ-
ent optimal carbon content in the early stages of the design pro-
cess and the microstructure-agnostic approach explores more in this
design space in search of the optimum solution but finally con-
verges to a value close to what is identified by the microstructure-
aware approach. Both approaches, however, on average follow a
similar route and also finally converge to a rather similar value
of the amount of manganese. While both approaches identify sim-
ilar amounts of silicon content in the early stages of the design
process, the microstructure-agnostic approach explores more in this
design space and finally converges to a lower value compared to
the microstructure-agnostic approach.

Our closed-loop multi-fidelity BO framework employs multi-
ple ‘information sources’ to estimate the objective as described
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in Fig. 2. Thus, we now analyze the impact of the microstructure-
aware and microstructure-agnostic design approaches on the selec-
tion of different ‘information sources’ during the design process.
Note that none of the five low-fidelity reduced-order microme-
chanical models are capable of reproducing the response predicted
using the high-fidelity ‘ground truth’ uFE model over the entire
microstructure space [35]. Also recall that the criteria to query the
‘ground truth’ model is set here to every ten design iterations for
both design approaches. The results presented in Fig. 6 show the
progression of queries made to different ‘information sources’ as
a function of the design iterations for one realization of the de-
sign process. As shown in Fig. 6(a), the microstructure-aware ap-
proach extensively queries the design space using the more so-
phisticated secant method and elastic constraint models while the
microstructure-agnostic approach favors querying the design space
using the simple isostress model during the early stages of the de-
sign process. At later stages of the design process, both approaches
begin querying the design space through all available ‘information
sources.” This may be due to the fact that they have exhausted
the potential value of the ‘information sources’ initially detected
as most useful to the design task.

The results presented thus far clearly demonstrate that the two
design approaches not only take very different routes in the de-
sign space but also utilize different ‘information sources’ to query
the design space in search of the same objective. The results
also demonstrate that the microstructure-aware approach converges
rapidly in the microstructure space and provides a better design
solution compared to the microstructure-agnostic approach.

To understand what enables the superior performance of the
microstructure-aware approach compared to the microstructure-
agnostic approach we compare the predictions of the initial (at the
very first design iteration) fused Gaussian Process models built us-
ing the two approaches with that of the predictions of exhaus-
tively querying the chain of computational thermodynamics and
the ‘ground truth’ model in Fig. 7, for one realization of the de-
sign process. As shown in Fig. 7(a) and (b), despite the fact that
the same five sets of X; — Xg correlations are used to build the
initial fused Gaussian process models for both the approaches, the

predictions of the initial fused Gaussian process model for the
microstructure-aware approach correlates extremely well with the
‘ground truth’ compared to the predictions of the initial fused
Gaussian process model for the microstructure-agnostic approach.
The parity plots in Fig. 7(c) and (d) also highlight the quantita-
tively better correlation between the predictions of the initial fused
Gaussian process model for the microstructure-aware approach and
the ‘ground truth’ compared to that of the microstructure-agnostic
approach. In conclusion, an explicit incorporation of the knowl-
edge of the material microstructure in the design framework sig-
nificantly enhances the initial knowledge of the microstructure-
property correlations that in turn leads to more efficient and ef-
fective design process.

5. Discussion

As material scientists and engineers, we aspire to unravel the
underlying PSP relationships of materials. In practice, however, mi-
crostructure information is not used as a direct input in a mate-
rials design process, and only an analysis of the same is carried
out a posteriori to rationalize the attained properties. This raises
a fundamental question, “can the intermediate microstructure infor-
mation aid in the materials design process?” To answer this ques-
tion, we have carried out a rigorous analysis to probe the impor-
tance of the microstructure information in the materials design
process. The latter involves finding the right combinations of mate-
rial chemistry and processing condition that maximizes a targeted
mechanical property of a model dual-phase steel using a closed-
loop multi-fidelity BO framework. We first solve this material de-
sign problem by following the traditional microstructure-agnostic
approach where the material design space includes the material
chemistry and processing condition, while the microstructure in-
formation is only used to carry out multi-level simulations to es-
tablish PSP relationships. Next, we solve the same material de-
sign problem by following a novel microstructure-aware approach
where the material design space not only includes the material
chemistry and processing condition but also the microstructure in-
formation. Our results clearly show that an explicit incorporation
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of the microstructure knowledge in the decision-making process
not only accelerates the materials design process, but also results
in comparatively better design solutions. A detailed analysis of
the materials design process following the microstructure-agnostic
and microstructure-aware approaches show that the two design ap-
proaches not only take very different route in the design space but
also utilize different set of ‘information sources’ to query the de-
sign space in search of the same objective. The superior perfor-
mance of the microstructure-aware design approach is rooted in the
fact that an explicit incorporation of the knowledge of the material
microstructure in the design framework significantly enhances our
initial knowledge of the microstructure - property correlation that
in turn leads to a more efficient and effective design process.
Since it is the difference in the initial knowledge of the mi-
crostructure - property correlation that leads to the superior per-
formance of the microstructure-aware design approach compared
to the microstructure-agnostic design approach, it is warranted to
compare their performance for a range of known initial design

space (input) - objective (output) correlations used to initiate the
design process. To this end, we compared the performance of the
two design approaches by setting up the design framework using
only 1, 10 or 25 randomly selected sets of initially known ‘ground
truth’ input - output correlations. Additionally, to avoid any bias in
the design process due to the initial sets of randomly selected in-
put - output correlations, we carried out five realizations of the de-
sign process for each sets of initially known input - output corre-
lations. The results of this exercise are given in the Supplementary
Figs. S1-S15. Our results clearly show that irrespective of the num-
ber of initially known input - output correlations used to initiate
the design process, the performance of the microstructure-aware
design approach is always better than the microstructure-agnostic
design approach. Furthermore, our results also show that the rel-
ative performance of the microstructure-aware design approach is
even better than the microstructure-agnostic design approach when
a smaller number of initially known input - output correlations are
used to initiate the design process.
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Moreover, an explicit incorporation of microstructure informa-
tion in the microstructure-aware materials design approach more
accurately represents the trajectory of PP relationships as the
microstructure state evolves. This is not necessarily true for a
microstructure-agnostic materials design approach. Since the mi-
crostructure has a strong dependence on chemistry and process-
ing history, simple parametrization that ignores the former are
bound to be subjected to considerable uncertainty. Furthermore,
from the perspective of irreversible thermodynamics, omission of
microstructure evolution renders intrinsic dissipation as a hidden
parameter and is completely sidestepped by microstructure-agnostic
approaches. Such approaches may thus run the risk of establishing
PP relationships that are inconsistent with the second law of ther-
modynamics. Thus, contrary to the pragmatic argument of focusing
only on the ‘black box’ PP relationships, this work suggests that
explicit consideration of (even very approximate) PSP relationships
is a necessary and sufficient condition for materials design. Our re-
sults show that the way microstructure information improves the
materials design process is by acting as a ‘through point’ that me-
diates PP relationships, effectively filtering out intrinsically incon-
sistent regions in the processing space. Microstructure-aware ma-
terials design frameworks thus may be considered to belong to the
general class of physics-constrained or physics-informed machine
learning approaches capable of overcoming many of the shortcom-
ings of data-only methods [46].

Note that incorporating the microstructure information in the
material design space increases the dimensionality of the prob-
lem. In general, adding dimensions to a design space makes the
BO more inefficient [47]. Yet, our results counterintuitively show a
positive impact on the decision-making process by increasing the
dimensionality of the design space. The positive impact of increas-
ing the dimensionality of a given problem has been explored and
exploited in a variety of scientific and engineering problems.

For example, the so-called ‘kernel trick’ of machine learning
[48], which replaces inner products with kernel functions to en-
able nonlinear learning, effectively raises the dimensionality of a
machine learner from low dimension to high and even infinite di-
mensions [49]. This is very common when using support vector
machines for classification. In model order reduction, recent meth-
ods for lifting maps [50,51] introduce auxiliary variables to a sys-
tem model to provide more mathematical structure. For example,
the introduction of auxiliary variables through lifting maps can
lead to polynomial systems of differential-algebraic equations or in
other cases, system dynamics with quadratic structure. The result-
ing well-behaved mathematical structure of the problem caused by
the increase in dimensionality leads to far more efficient solution
strategies enabling larger problems to be tackled computationally
[52].

The identification of new, relevant dimensions in a given prob-
lem can also have a profound impact on an entire field of study.
For example, the celebrated Buckingham m theorem [53] from
the study of dimensional analysis [54] states on physical grounds
that physics-based equations may be rewritten in terms of dimen-
sionless parameters providing there is some physical connection
among the variables in the equation. This identification of a latent
governing parameter or set of parameters has had a profound im-
pact on the field of fluid mechanics, where parameters such as the
Reynolds number, the Mach number, and the Froude number have
been discovered. These parameters are all derived from the origi-
nal variables of a given problem, and therefore, even though they
increase the dimensionality of the problem, their use leads to a
dramatic increase in the physical understanding of the phenomena
at play.

The proposed microstructure-aware closed-loop multi-fidelity
BO framework for materials design is demonstrated here to be ex-
tremely efficient and effective in realizing goal-oriented material
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design using a combination of models and simulation techniques.
Importantly, this design framework can also be put into practice
even for an entirely experimental materials design campaign by
using ever-growing high-throughput material processing and char-
acterization techniques. It is also important to note that since each
‘information source’ is represented in our design framework as a
stochastic model (i.e., Gaussian process), there is no fundamen-
tal limitation on using a combination of experimental, modeling
and/or simulation based ‘information sources,’ as long as they are
all represented as Gaussian processes or other stochastic models.

Our proposed framework can also be further enhanced by uti-
lizing more sophisticated thermodynamics/kinetics-based model-
ing schemes (e.g., phase-field simulations [55]) to not only pre-
dict the phase volume fraction and composition but also the size
and morphology of the constituent phases, and by incorporating
them explicitly in the decision-making process. Another future di-
rection to enhance the performance of the proposed materials de-
sign framework will be to incorporate adaptive active subspace
method to efficiently handle the large dimensionality of the de-
sign space [56,57] by taking advantage of the fact that in materials
design problems the objective function in general is more sensitive
to some design variables compared to others.

6. Concluding remarks

In this work, we have presented a microstructure-aware closed-
loop multi-information source fusion (multi-fidelity) Bayesian Op-
timization framework for goal-oriented materials design. The spe-
cific material design problem considered here involved finding the
right combination of materials chemistry and processing condi-
tion that maximizes a targeted mechanical property of a model
dual-phase steel. We solved this material design problem by us-
ing both a traditional microstructure-agnostic approach where the
microstructure information is only used to establish PSP relation-
ships and the proposed microstructure-aware approach where the
microstructure information is also used in decision-making as we
navigate through the material design space. Our analysis clearly
shows that incorporating microstructure knowledge into the ma-
terials design process (for a problem where microstructure inter-
venes to influence properties of interest) results in better, faster
solutions to the same problem. This improved performance can be
ascribed to the fact that microstructure information helps ‘shape’
our initial understanding of microstructure - property correlations.

This is a remarkable finding since, a priori it would not make
much sense that a derived quantity would have such a positive
effect. Yet, there are many examples in science and engineering
when lifting the dimensionality of a problem makes it more solv-
able. These additional dimensions (for instance, microstructural in-
formation in this particular case) are derived from the original pa-
rameters of the problem, and therefore, even though they increase
the dimensionality of the problem, they lead to a dramatic increase
in the physical understanding of the phenomena at play.

We close by briefly discussing the implications of this work
on the design of new platforms for autonomous materials dis-
covery/design. Our finding that microstructure information indeed
can help accelerate the materials discovery process in a concrete
way provides a theoretical support to the importance of adding
one or many microstructure characterization steps within a ma-
terials discovery workflow. Moreover, it provides some ideas on
what other interesting problems such platforms could tackle. For
example, it would be very interesting to develop systems capable
of actively discovering objective-relevant microstructural features.
Such an adaptive Al-enhanced characterization framework would
then become more efficient over time, by focusing only on the mi-
crostructure information most relevant to the problem at hand. In
our admittedly ‘toy-like’ problem, for example, the volume fraction
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of the martensite phase makes obvious sense as the microstructure
feature most correlated with the plastic response of the composite
microstructure. When considering fracture, on the other hand, the
topology, connectivity or other higher-order microstructural fea-
tures may be more important. In the future, we intend to explore
these ideas further, using both in silico and in vivo platforms for
materials discovery and design.

Declaration of Competing Interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to
influence the work reported in this paper.

Acknowledgment

The authors acknowledge the financial support provided
by the US. National Science Foundation through grant num-
ber NSF-CMMI-1663130, DEMS: Multi-Information Source Value of
Information-Based Design of Multiphase Structural Materials, and the
high performance research computing resources provided by Texas
A&M University. DA and RA also acknowledge grant number NSF-
DGE-1545403. RA also acknowledges the grant numbers NSF-IIS-
1849085 and NSF-IIS-1835690.

Supplementary material

Supplementary material associated with this article can be
found, in the online version, at 10.1016/j.actamat.2021.117471.

References

[1] J.H. Perepezko, The hotter the engine, the better, Science 326 (5956) (2009)
1068-1069.

[2] JJ. Bertin, RM. Cummings, Fifty years of hypersonics: where we've been,
where we're going, Prog. Aerosp. Sci. 39 (6-7) (2003) 511-536.

[3] J. Knaster, A. Moeslang, T. Muroga, Materials research for fusion, Nat. Phys. 12
(5) (2016) 424-434.

[4] W.Y. Wang, B. Tang, D. Lin, C. Zou, Y. Zhang, S.-L. Shang, Q. Guan, ]. Gao, L. Fan,
H. Kou, et al., A brief review of data-driven ICME for intelligently discovering
advanced structural metal materials: insight into atomic and electronic build-
ing blocks, J. Mater. Res. 35 (8) (2020) 872-889.

[5] G.LW. Hart, T. Mueller, C. Toher, S. Curtarolo, Machine learning for alloys, Nat.
Rev. Mater. (2021) 1-26.

[6] G.B. Olson, Computational design of hierarchically structured materials, Sci-
ence 277 (5330) (1997) 1237-1242.

[7] G.B. Olson, Designing a new material world, Science 288 (5468) (2000)
993-998.

[8] D.L. McDowell, Simulation-assisted materials design for the concurrent design
of materials and products, JOM 59 (9) (2007) 21-25.

[9] R. Arréyave, D.L. McDowell, Systems approaches to materials design: past,
present, and future, Annu. Rev. Mater. Res. 49 (2019) 103-126.

[10] J. Allison, Integrated computational materials engineering: aperspective on
progress and future steps, JOM 63 (4) (2011) 15-18.

[11] D.B. Brough, D. Wheeler, J.A. Warren, S.R. Kalidindi, Microstructure-based
knowledge systems for capturing process-structure evolution linkages, Curr.
Opin. Solid State Mater. Sci. 21 (3) (2017) 129-140.

[12] E. Popova, T.M. Rodgers, X. Gong, A. Cecen, ]J.D. Madison, S.R. Kalidindi, Pro-

cess-structure linkages using a data science approach: application to simulated

additive manufacturing data, Integr. Mater. Manuf. Innov. 6 (1) (2017) 54-68.

Z. Yang, Y.C. Yabansu, D. Jha, W.-k. Liao, A.N. Choudhary, S.R. Kalidindi,

A. Agrawal, Establishing structure-property localization linkages for elastic de-

formation of three-dimensional high contrast composites using deep learning

approaches, Acta Mater. 166 (2019) 335-345.

B. Gautham, R. Kumar, S. Bothra, G. Mohapatra, N. Kulkarni, K. Padmanabhan,

More efficient ICME through materials informatics and process modeling, in:

Proceedings of the 1st World Congress on Integrated Computational Materials

Engineering (ICME), Wiley Online Library, 2011, p. 35.

M.F. Horstemeyer, Integrated Computational Materials Engineering (ICME) for

Metals: Using Multiscale Modeling to Invigorate Engineering Design with Sci-

ence, John Wiley & Sons, 2012.

[16] D.L. McDowell, S.R. Kalidindi, The materials innovation ecosystem: a key en-
abler for the materials genome initiative, MRS Bull. 41 (4) (2016) 326.

[17] R. Couperthwaite, A. Molkeri, D. Khatamsaz, A. Srivastava, D. Allaire, R. Ar-
royave, Materials design through batch Bayesian optimization with multi-
source information fusion, JOM 72 (12) (2020) 4431-4443.

[13]

[14]

[15]

10

Acta Materialia 223 (2022) 117471

[18] D. Khatamsaz, A. Molkeri, R. Couperthwaite, . James, R. Arréyave, D. Allaire,
A. Srivastava, Efficiently exploiting process-structure-property relationships in
material design by multi-information source fusion, Acta Mater. 206 (2021)
116619.

[19] S. Wei, SJ. Kim, ]. Kang, Y. Zhang, Y. Zhang, T. Furuhara, E.S. Park, C.C. Tasan,
Natural-mixing guided design of refractory high-entropy alloys with as-cast
tensile ductility, Nat. Mater. 19 (11) (2020) 1175-1181.

[20] A. Devaraj, V.V. Joshi, A. Srivastava, S. Manandhar, V. Moxson, V.A. Duz,
C. Lavender, A low-cost hierarchical nanostructured beta-titanium alloy with
high strength, Nat. Commun. 7 (1) (2016) 1-8.

[21] Z. Li, K.G. Pradeep, Y. Deng, D. Raabe, C.C. Tasan, Metastable high-entropy du-
al-phase alloys overcome the strength—ductility trade-off, Nature 534 (7606)
(2016) 227-230.

[22] P. Nikolaev, D. Hooper, F. Webber, R. Rao, K. Decker, M. Krein, J. Poleski,
R. Barto, B. Maruyama, Autonomy in materials research: a case study in car-
bon nanotube growth, npj Comput. Mater. 2 (1) (2016) 1-6.

[23] A.G. Kusne, H. Yu, C. Wu, H. Zhang, ]. Hattrick-Simpers, B. DeCost, S. Sarker,
C. Oses, C. Toher, S. Curtarolo, A.V. Davydov, R. Agarwal, L.A. Bendersky,
M. Li, A. Mehta, I. Takeuchi, On-the-fly closed-loop materials discovery via
bayesian active learning, Nat. Commun. 11 (1) (2020) 5966, doi:10.1038/
s41467-020-19597-w.

[24] K.-i. Sugimoto, A. Kanda, R. Kikuchi, S.-i. Hashimoto, T. Kashima, S. Ikeda, Duc-
tility and formability of newly developed high strength low alloy TRIP-aided
sheet steels with annealed martensite matrix, ISIJ Int. 42 (8) (2002)
910-915.

[25] E. Waddington, R.M. Hobbs, ]J.L. Duncan, Comparison of a dual phase steel with
other formable grades, ]. Appl. Metalwork. 1 (2) (1980) 35-47.

[26] R. Couperthwaite, D. Allaire, R. Arrdyave, Utilizing Gaussian processes to fit
high dimension thermodynamic data that includes estimated variability, Com-
put. Mater. Sci 188 (2021) 110133.

[27] S.E. Ghoreishi, D. Allaire, Multi-information source constrained Bayesian opti-
mization, Struct. Multidiscip. Optim. 59 (3) (2019) 977-991.

[28] S.F. Ghoreishi, D.L. Allaire, A fusion-based multi-information source optimiza-
tion approach using knowledge gradient policies, in: 2018 AIAA/ASCE/AHS/ASC
Structures, Structural Dynamics, and Materials Conference, 2018, p. 1159.

[29] W. Voigt, On the relation between the elasticity constants of isotropic bodies,
Ann. Phys. Chem 274 (1889) 573-587.

[30] A. Reuss, Berechnung der fliegrenze von mischkristallen auf grund der plas-
tizititsbedingung fiir einkristalle, ZAMM 9 (1) (1929) 49-58.

[31] O. Bouaziz, P. Buessler, Mechanical behaviour of multiphase materials: an in-
termediate mixture law without fitting parameter, Revue de Métallurgie-Int. J.
Metall. 99 (1) (2002) 71-77.

[32] GJ. Weng, The overall elastoplastic stress-strain relations of dual-phase metals,
J. Mech. Phys. Solids 38 (3) (1990) 419-441.

[33] D. Gerbig, A. Srivastava, S. Osovski, L.G. Hector, A. Bower, Analysis and design
of dual-phase steel microstructure for enhanced ductile fracture resistance, Int.
J. Fract. 209 (1-2) (2018) 3-26.

[34] S.F. Ghoreishi, A. Molkeri, A. Srivastava, R. Arroyave, D. Allaire, Multi-informa-
tion source fusion and optimization to realize ICME: application to dual-phase
materials, J. Mech. Des. 140 (11) (2018).

[35] S.E. Ghoreishi, A. Molkeri, R. Arréyave, D. Allaire, A. Srivastava, Efficient use
of multiple information sources in material design, Acta Mater. 180 (2019)
260-271.

[36] ABAQUS user's manual, Dassault Systemes, Vélizy-Villacoublay, France, 2017.

[37] A. Srivastava, A.F. Bower, L.G. Hector, J.E. Carsley, L. Zhang, F. Abu-Farha, A mul-
tiscale approach to modeling formability of dual-phase steels, Modell. Simul.
Mater. Sci. Eng. 24 (2) (2016) 025011.

[38] X. Zheng, H. Ghassemi-Armaki, K.T. Hartwig, A. Srivastava, Correlating prior
austenite grain microstructure, microscale deformation and fracture of ultra-
-high strength martensitic steels, Metals 11 (7) (2021) 1013.

[39] Y. Liu, D. Fan, R. Arréyave, A. Srivastava, Microstructure-based modeling of the
effect of inclusion on the bendability of advanced high strength dual-phase
steels, Metals 11 (3) (2021) 431.

[40] CE. Rasmussen, C.K.I. Williams, Gaussian Processes for Machine Learning
(Adaptive Computation and Machine Learning), The MIT Press, 2005.

[41] R.L. Winkler, Combining probability distributions from dependent information
sources, Manage. Sci. 27 (4) (1981) 479-488.

[42] D. Allaire, K. Willcox, Fusing information from multifidelity computer models
of physical systems, in: 2012 15th International Conference on Information Fu-
sion, IEEE, 2012, pp. 2458-2465.

[43] W.D. Thomison, D.L. Allaire, A model reification approach to fusing informa-
tion from multifidelity information sources, in: 19th AIAA Non-Deterministic
Approaches Conference, 2017, p. 1949.

[44] W.B. Powell, 1.0. Ryzhov, Optimal Learning, vol. 841, John Wiley & Sons,
2012.

[45] X. Zheng, H. Ghassemi-Armaki, A. Srivastava, Structural and microstructural in-
fluence on deformation and fracture of dual-phase steels, Mater. Sci. Eng. A
774 (2020) 138924.

[46] G.E. Karniadakis, 1.G. Kevrekidis, L. Lu, P. Perdikaris, S. Wang, L. Yang, Physic-
s-informed machine learning, Nat. Rev. Phys. 3 (6) (2021) 422-440.

[47] D. Eriksson, M. Pearce, J. Gardner, R.D. Turner, M. Poloczek, Scalable global
optimization via local Bayesian optimization, Adv. Neural Inf. Process. Syst. 32
(2019) 5496-5507.

[48] J. Mercer, Functions of positive and negative type, and their connection the
theory of integral equations, Philos. Trans. R. Soc.London Ser. A 209 (441-458)
(1909) 415-446.


https://doi.org/10.1016/j.actamat.2021.117471
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0001
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0001
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0002
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0002
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0002
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0003
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0003
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0003
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0003
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0004
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0004
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0004
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0004
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0004
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0004
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0004
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0004
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0004
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0004
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0004
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0004
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0005
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0005
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0005
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0005
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0005
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0006
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0006
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0007
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0007
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0008
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0008
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0009
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0009
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0009
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0010
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0010
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0011
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0011
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0011
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0011
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0011
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0012
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0012
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0012
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0012
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0012
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0012
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0012
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0013
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0013
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0013
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0013
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0013
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0013
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0013
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0013
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0014
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0014
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0014
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0014
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0014
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0014
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0014
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0015
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0015
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0016
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0016
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0016
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0017
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0017
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0017
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0017
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0017
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0017
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0017
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0018
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0018
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0018
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0018
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0018
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0018
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0018
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0018
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0019
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0019
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0019
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0019
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0019
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0019
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0019
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0019
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0019
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0020
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0020
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0020
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0020
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0020
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0020
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0020
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0020
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0021
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0021
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0021
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0021
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0021
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0021
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0022
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0022
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0022
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0022
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0022
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0022
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0022
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0022
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0022
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0022
https://doi.org/10.1038/s41467-020-19597-w
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0024
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0024
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0024
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0024
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0024
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0024
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0024
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0025
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0025
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0025
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0025
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0026
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0026
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0026
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0026
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0027
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0027
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0027
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0028
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0028
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0028
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0029
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0029
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0030
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0030
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0031
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0031
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0031
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0032
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0032
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0033
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0033
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0033
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0033
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0033
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0033
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0034
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0034
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0034
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0034
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0034
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0034
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0035
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0035
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0035
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0035
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0035
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0035
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0037
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0037
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0037
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0037
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0037
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0037
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0037
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0038
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0038
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0038
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0038
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0038
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0039
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0039
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0039
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0039
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0039
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0040
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0040
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0040
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0041
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0041
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0042
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0042
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0042
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0043
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0043
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0043
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0044
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0044
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0044
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0045
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0045
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0045
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0045
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0046
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0046
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0046
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0046
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0046
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0046
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0046
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0047
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0047
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0047
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0047
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0047
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0047
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0048
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0048

A. Molkeri, D. Khatamsaz, R. Couperthwaite et al.

[49] B.E. Boser, LM. Guyon, V.N. Vapnik, A training algorithm for optimal margin
classifiers, in: Proceedings of the Fifth Annual Workshop on Computational
Learning Theory, 1992, pp. 144-152.

[50] B. Kramer, K.E. Willcox, Nonlinear model order reduction via lifting trans-
formations and proper orthogonal decomposition, AIAA ]. 57 (6) (2019)
2297-2307.

[51] E. Qian, B. Kramer, B. Peherstorfer, K. Willcox, Lift & learn: physics-informed
machine learning for large-scale nonlinear dynamical systems, Physica D 406
(2020) 132401.

[52] E. Qian, B. Kramer, A.N. Marques, KE. Willcox, Transform & learn: a data-
driven approach to nonlinear model reduction, in: AIAA Aviation 2019 Forum,
2019, p. 3707.

n

Acta Materialia 223 (2022) 117471

[53] E. Buckingham, On physically similar systems; illustrations of the use of di-
mensional equations, Phys. Rev. 4 (4) (1914) 345.

[54] J.W. Strutt, ].W.S.B. Rayleigh, The Theory of Sound, vol. 1, Macmillan, 1877.

[55] V. Attari, A. Cruzado, R. Arroyave, Exploration of the microstructure space
in Tialzrn ultra-hard nanostructured coatings, Acta Mater. 174 (2019)
459-476.

[56] S.F. Ghoreishi, S. Friedman, D.L. Allaire, Adaptive dimensionality reduction for
fast sequential optimization with Gaussian processes, ]. Mech. Des. 141 (7)
(2019).

[57] D. Khatamsaz, A. Molkeri, R. Couperthwaite, J. James, R. Arréyave, A. Srivas-
tava, D. Allaire, Adaptive active subspace-based efficient multifidelity materials
design, Mater. Des. (2021) 110001.


http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0049
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0049
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0049
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0049
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0050
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0050
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0050
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0051
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0051
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0051
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0051
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0051
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0052
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0052
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0052
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0052
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0052
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0053
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0053
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0054
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0054
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0054
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0055
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0055
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0055
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0055
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0056
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0056
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0056
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0056
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0057
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0057
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0057
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0057
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0057
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0057
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0057
http://refhub.elsevier.com/S1359-6454(21)00850-8/sbref0057

	On the importance of microstructure information in materials design: PSP vs PP
	1 Introduction
	2 Overview of the present work
	3 Methods
	4 Results
	5 Discussion
	6 Concluding remarks
	Declaration of Competing Interest
	Acknowledgment
	Supplementary material
	References


