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ABSTRACT

Advancements in additive manufacturing have enabled design and
fabrication of materials and structures not previously realizable. In
particular, the design space of composite materials and structures
has vastly expanded, and the resulting size and complexity has
challenged traditional design methodologies, such as brute force
exploration and one factor at a time (OFAT) exploration, to find
optimum or tailored designs. To address this challenge, supervised
machine learning approaches have emerged to model the design
space using curated training data; however, the selection of the
training data is often determined by the user. In this work, we de-
velop and utilize a Reinforcement learning (RL)-based framework
for the design of composite structures which avoids the need for
user-selected training data. For a 5 X 5 composite design space
comprised of soft and compliant blocks of constituent material,
we find that using this approach, the model can be trained using
2.78% of the total design space consists of 22° design possibilities.
Additionally, the developed RL-based framework is capable of find-
ing designs at a success rate exceeding 90%. The success of this
approach motivates future learning frameworks to utilize RL for
the design of composites and other material systems.
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1 INTRODUCTION

Engineered composite materials and structures are able to achieve
superior mechanical performance in comparison to their individ-
ual constituents [Dimas et al. 2013; Ghiasi et al. 2010, 2009; Lakes
1993; Wegst et al. 2015]. The ability to tailor their design to meet
performance requirements has resulted in their widespread applica-
tion in the aerospace, automotive, and maritime industries [Fratzl
and Weinkamer 2007; Gu et al. 2016b; Guoxing and Tongxi 2004].
While the design process has previously relied on domain expertise,
bio-mimicry, brute force exhaustive search, or iterative trial and
error [Yeo et al. 2018], recent advancements in additive manufactur-
ing (AM) have tremendously enhanced the realizable design space
and challenged the conventional approaches to exploring design
spaces [Gu et al. 2017a,b; Libonati et al. 2016]. The design freedom
afforded by AM has significantly expanded the design space by
enabling the fabrication of composites with arbitrary geometry and
material distributions spanning various length scales. With this
expansion comes challenges such as how to rapidly and efficiently
exploring the vast and complex design space for optimal or targeted
mechanical performance. While more traditional optimization tech-
niques have been proposed, their robustness is often limited by the
complexity of the design problems.

In order to overcome some of these design challenges, specifi-
cally those pertaining to exploring and modeling the design space,
we propose using reinforcement learning (RL). RL algorithms learn
to model the problem space through interaction and can be opti-
mized to solve specific controls problems. We present a design
framework that utilizes RL to design and find composite designs
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Figure 1: The Reinforcement Learning (RL) framework for the design of parametric composites consisting of sti and compli-

ant building blocks of constituent material to meet a speci ed target modulus

work is built from a 5 by 5 arrangement of blocks of side length

design space consists of parallel and series designs (C) with a volume fraction of sti constituent material

Egoal (A). The design space considered in this
x where the composite sample has side lengths L (B). The
= 0:40 The design

space also consists of alternative designs where the majority of the compliant or sti constituent material is concentrated at
the center, sparsely distributed along the edges, or randomly distributed (D).

that meet a speci ed performance target (Figure 1 A). While the
models learned do not provide a general solution for arbitrary com-
posite design problems, our work o ers a guideline on successfully
framing design problems as RL problems. While learning-based
frameworks can be more data and computationally intensive than
any one optimization run using more traditional techniques, they
o0 er potential bene ts at scale, where inference after training can
be signi cantly less expensive.

In this work, we mainly consider a 2-material composite design
problem where we attempt to optimize the composite design in
order to achieve speci ¢ material properties. The RL-based design
framework, takes an initial composite design and user-speci ed
desired material properties, comprising of target elastic properties
and material composition, and iteratively modi es the design until
the desired properties are satis ed. The design is parameterized as
a 2D grid of constituent materials and the learned policy adjusts
the design one grid cell at a time. This naturally upper-bounds
the number of required interactions by the number of cells in the
design grid. We demonstrate that, despite only exploring less than
5% of the design space for our design problem during training, the

2 RELATED WORK

To overcome the challenges of design optimization in additive man-
ufacture, techniques combining computational methods and opti-
mization algorithms, such as topology optimization, have enabled
the design of tailored composites with targeted structural and mate-
rial design requirements such as elastic properties, Poisson's ratio,
and tunable stress-strain curves [Chen et2018; Gu et aR016a;
Sigmund and Maute 2013; Sigmund and Petersson 1998; Zhu et al
2017]. Although these approaches have achieved success in speci ¢
classes of problems, they are often limited by the complexity of the
design space and associated computational cost.

Recently, machine learning (ML) based design frameworks have
achieved success in the design and discovery of materials and struc-
tures with optimal or targeted properties [Abueidda et. £019;
Chen and Gu 2019; Gongora et 2021, 2020; Gu et.&018; Mao
et al 2020; Nikolaev et aP016]. Speci cally in the eld of compos-
ite design, ML techniques utilizing arti cial neural networks and
deep learning have been used in classi cation applications [Chen
and Gu 2020] and in inverse design applications [Yang e2@20].
These applications have demonstrated the ability to train ML-based

learned RL policies are able to successfully solve over 95% of the models with a fraction of observations from the design space to suc-

design tasks in testing.

cessfully assess or predict mechanical performance. A non-trivial
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challenge that faces the development of accurate ML models is
the selection of appropriate training data, as inferior models can
emerge from training on insu cient or poorly selected data. In
practice, the training data is often selected using uniform random
sampling or a design of experiments approach, such as Latin hyper-
cube sampling; however, the applicability of these approaches are
limited by the size of the design space and the computational or
experimental cost [Jin et al. 2020; Silver et al. 2017].

The dependence of the success of a ML model on appropriately
selected training data motivates the development and application
of an approach that automatically selects the training data. An
approach that can address this challenge is reinforcement learning
(RL) [Andrychowicz et al2017; Botvinick et aR019; Leinen et al
2020; Mnih et al2015; Popova et £2018]. RL models, also called RL
agents, iteratively interact with a system in order to a ect the state
of the system. In lieu of curating a dataset of behaviors, a reward
function can be de ned to re ect the quality of actions taken by
agents. The behavior of RL agents is conditioned to maximize the re-
ceived reward. This shifts some of the burden from dataset curation
to reward function engineering, but the latter can be signi cantly
more intuitive and tractable when dealing with large data-spaces.

3 DESIGN SPACE AND FINITE-ELEMENT
ANALYSIS

In order to frame composite design as a reinforcement learning
problem, we needed to establish a suitable state-space representa
tion and build an environment for the RL algorithm with which

to interact with. Training in simulation allows for faster feedback
than fabrication and physical analysis, so we use nite element
analysis (FEA) as our primary analytical tool for estimating design
properties. Before employing the RL algorithm, it is imperative to
validate the nite element predictions of Young's modulls This
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3.2 Development and Validation of a Predictive
Model using Finite Element Analysis

The model we developed uses 2-D explicit FEA,which was imple-
mented in C++ using the Taichi Graphics Library [Hu 2018], to
predict the e ective Young's modulus of the composite in tbe 5
design space. Here, we used a Neo-Hookean model for both the
compliant and sti constituent materials and a static compressive
strain of 1le-4. The sti and compliant constituent materials con-
sidered in this work were VeroWhitePlus (VW+) and a volume
percentage mixture of 50% VW+ and 50% TangoBlackPlus (TB+),
respectively. The e ective Young's modulus of the composite was
estimated from the predicted stress at a prescribed compressive
strain of 1e-4, which was kept constant for all simulations in this
study. The e ective Young's modulus was calculated by dividing
the predicted stress by the compressive strain. To simulate the
uniaxial compression of the composite design, displacement bound-
ary conditions were imposed on the nodes of the top surface of
the composite. The coe cients of the Neo-Hookean model were
computed from the Young's modulus and Poisson's ratio of the
constituent materials. The Young's modulus and Poisson's ratio of
the sti constituent material was1818MPa and0:33 respectively,
while the Young's modulus and Poisson's ratio of the compliant con-
stituent material was364MPa and0:49 respectively. Additionally,

an explicit solver was selected over an implicit solver in the FEA
pipeline to avoid potential computational bottlenecks arising from
the need to invert the sti ness matrix of the course of the applied
deformation in implicit analysis. In the explicit solver, the time step
was set to 2.3e-7, which was su ciently small to prevent numerical
instability in forward Euler integration. A xed 2000 iterations was
used in the solver which was determined to be su ciently large to
guarantee convergence without compromising computational time
based on preliminary tests. Furthermore, the parameters used in

section discusses the composite design space considered and théhe solver were determined to be appropriate based on the reason-

development and validation of FEA pipeline.

3.1 The Composite Design Space

Given that the set of all possible designs is large and intractable, we
consider here a more constrained problem amenable to experimen-
tal validation so as to establish a viable framework for RL-automated
design. We consider a composite design space built frobn &
binary arrangement of material blocks where each block can be
composed of one of two materials that di er in their elastic mod-
uli. The sti er of these two materials we term "sti " and the more
compliant of these materials we term "compliant". The material
blocks of the composite have a side lengtl= 5mm while the total
composite has a side length= 25mm and depth o mm (Fig-

ure 1 B). Without considering any geometric symmetries, a total of
225 distinct designs exist in the composite design space. Classical
parallel and series composite designs can be found in the design
space by varying the volume fraction of sti material (Figure 1 C).
Alternative designs also exist; for instance, designs where the ma-
jority of the compliant or sti constituent material is concentrated

at the center, sparsely distributed along the edges, or randomly
distributed (Figure 1 D). With the ability to fabricate alternative
designs, a range of Young's modulus values can be achieved for a
given volume fraction.

able agreement observed between Young modulus predictions and
experimental measurements.

The selected composite designs in this study were fabricated
from the aforementioned sti and compliant constituent materials
and experimental measurements were taken in triplicate for each
composite design wherE is the mean e ective Young's modulus
of the measurements. To assess the model using FEA, the predicted
e ective Young's modulusE of selected composite designs were
compared to experimental measurements of the e ective Young's
modulusE from quasi-static uniaxial compression tests conducted
on a universal testing machine (Instron 5984). The rst set of se-
lected composites designs were designs with only compliant con-
stituent material = O, only sti constituent material = 1, and
classical parallel and series composite designs with 0:2, 0:4, 0:6,
and0:8 (Figure 2 A). The absolute relative error betweBiand E
for composite designs with = 0and = 1were6:976 and3:3%%,
respectively, while the average absolute relative error betw&en
andE for the classical parallel and series composite designs with

= 0:2,0:4, 0:6, and0:8 was 1210% (Figure 2 B). Evaluating the
entire dataset with = 0, 0:2, 0:4, 0:6, 0:8, and1:0, the root mean
squared error (RMSE) was 101.79 MPa wittRan= 0:96where
Ris the Pearson correlation coe cient. For these composite de-
signs,E can also be analytically estimated via the Voigt and Reuss
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Figure 2: Fabricated composite designs with volume fraction between = 0and = 1lwith classical parallel and series com-
posite designs with = 0:2;0:4;0:6; and 0:8 (A). Comparison of experimentally measured e ective Young's modulus E, FEA
predicted e ective Young's modulus E; and analytical predictions of e ective Young's modulus for parallel and series com-
posite designs with varying  (B). Comparison of E and Efor previously tested designs and ve alternative designs for each

= 0:2,0:4;0:6; and 0:8 (C). Example designs with = 0:6and = 0:8in ascending order based on E (D).

approximations for parallel and series designs, respectively. The range of achievable modulus values with non-trivial designs were

approximations also yielded reasonable prediction€Eafith an observed. Speci cally, for = 0:6 the minimumE was 792.3 MPa
average absolute relative error 8f07®6 when compared to experi-  and the maximumE was approximately 31% larger at 1.04 GPa.
mental measurements. While the Voigt and Reuss approximations Additionally, for = 0:8, the minimumE was 1:16 GPa and the

enable rapid predictive approximations &f the models are only maximumE was approximatel\24% larger atl:44GPa (Figure 2 D).
expected to be accurate for parallel and series composite designs. While this range was observed for the experimental measurements
To further assess the predictions using FEA, tef ve alter- of alternative designs, brute-force evaluations of all the designs
native designs for each = 0:2, 0:4, 0.6, and0:8 were compared suggest that for a given there is a range of achievablevia alterna-
to experimental measurements from uniaxial compression testing. tive designs. The overlap in ranges for varyingdemonstrates the
Adding these results to the classical parallel and series dataset, the ability to vary performance for a given, which is a key factor in
agreement betweeB andE was evaluated. The RMSE was com- designing composites to meet performance requirements. Note that
puted to be9869MPa with RZ = 0:97 and the average absolute  Efor a composite design only corresponds to quasi-static uniaxial
relative error betweerEandE of all the selected designs was calcu- compression conditions. While designs such as the alternative com-
lated to be 13.8% (Figure 2 C). Based on these results, we concludegbosite designs may posseSshat depend on the loading direction,
that the predictions of Young's modulus from FEA were in good only quasi-static compression conditions as shown in Figure 1 A
agreement with experimental measurements. Interestingly, from are considered in this study.
the E of alternative designs with varying volume fraction, a broad
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