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1. Introduction

A computational method for rapid analysis
polymer structure and inverse design
strategy (RAPSIDY)+

Vinson Liao, *abc

@ Tristan Myers (2 and Arthi Jayaraman
Tailoring polymers for target applications often involves selecting candidates from a large design para-
meter space including polymer chemistry, molar mass, sequence, and architecture, and linking each
candidate to their assembled structures and in turn their properties. To accelerate this process, there is a
critical need for inverse design of polymers and fast exploration of the structures they can form. This
need has been particularly challenging to fulfill due to the multiple length scales and time scales of
structural arrangements found in polymers that together give rise to the materials’ properties. In this
work, we tackle this challenge by introducing a computational framework called RAPSIDY — Rapid Analysis of
Polymer Structure and Inverse Design strategY. RAPSIDY enables inverse design of polymers by accelerating
the evaluation of stability of multiscale structure for any given polymer design (sequence, composition,
length). We use molecular dynamics simulations as the base method and apply a guiding potential to initialize
polymers chains of a selected design within target morphologies. After initialization, the guiding potential
is turned off, and we allow the chains and structure to relax. By evaluating similarity between the target
morphology and the relaxed morphology for that polymer design, we can screen many polymer designs in a
highly parallelized manner to rank designs that are likely to remain in that target morphology. We demon-
strate how this method works using an example of a symmetric, linear pentablock, AB,A.B/A,, copolymer
system for which we determine polymer sequences that exhibit stable double gyroid morphology. Rather
than trying to identify the global free-energy minimum morphology for a specific polymer design, we aim to
identify candidates of polymer design parameter space that are more stable in the desired morphology than
others. Our approach reduces computational costs for design parameter exploration by up to two orders-of-
magnitude compared to traditional MD methods, thus accelerating design and engineering of novel polymer
materials for target applications.

mixed states.’” The multiple length scales, ranging from a few
angstroms to hundreds of nanometers, of structural arrange-

Block copolymers (BCPs) are a class of macromolecules con-
sisting of two or more monomers covalently linked together.
BCPs have been shown to phase-separate into a variety of
multiscale structures (or morphologies) to balance energetic
driving forces arising from chemical incompatibility between
the constituent monomers and entropic driving forces favoring
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ments in the assembled morphology give rise to the macro-
scopic material properties which, in turn, make BCPs
desirable for a variety of applications such as membranes,’
drug delivery,® photovoltaics,” and microelectronics.® With
advances in high-throughput techniques and synthetic
schemes enabling higher precision in synthesis of polymers
than ever before,”*? there is a critical need for computational
methods that can efficiently screen the optimal designs of
polymers that lead to the desired multiscale arrangement
of monomers and polymer chains and, in turn, the desired
macroscale property.

Rather than beginning with a set of design parameters (such
as degree-of-polymerization and block composition) and deter-
mining the resulting equilibrium morphology and material
property (also known as “forward design”),"* the inverse problem
involves starting with a target morphology or material property

This journal is © The Royal Society of Chemistry 2024
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and searching for designs that meet the specified criteria (also
known as “inverse design’).'® Inverse design is challenging
because it requires intelligent and efficient navigation of a
high-dimensional design space and is often ill-posed (or weakly
conditioned) with a non-unique solution.'® It also requires
robust methods of forward design, and in the case of BCPs,
efficient methodologies of determining the correct multi-length
scale morphology for a chosen set of design parameters.

There are additional aspects of macromolecular materials
that make this inverse-design problem more challenging than
other classes of materials. Unlike inorganic materials whose
precise crystalline structure (in most cases) gives rise to their
properties, polymers properties are governed by a combination
of disordered and ordered amorphous (non-crystalline), and
in some cases, semi-crystalline, multiscale arrangements of
monomers (angstroms), chains (1-10 nm), and domains
(10 nm to microns). Furthermore, the free energy landscape
of the assembled structures has several local minima leading to
degeneracy in their spatial arrangements. Lastly, the design
parameter space for polymer chains is much larger than that of
small inorganic or organic molecules. If we consider the inverse
design strategy for the simple case of linear diblock copolymers,
one could independently vary the monomer chemistries A and B,
their segregation strength y,p (or temperature), block composi-
tions fy, and the degree-of-polymerization, N. Thus, even in the
case of the simplest BCP, the number of unique designs is
uncountably large and cannot be efficiently explored with naive
sampling approaches. This problem is only compounded as one
increases the complexity of the BCP by introducing new chain
design parameters such as varying the topology'”'® (ie., linear,
branched, etc.) and number of blocks (ie., triblock, tetrablock,
etc.). As such, the seemingly infinite size of the BCP design space
has been dubbed the “ménages en blocs” problem in literature."
Thus, any inverse design strategy must effectively and efficiently
test the stability of desired multiscale assembled structures as one
varies the synthetically feasible values of the copolymer design
parameter space.

The seemingly infinite design space of block copolymers has
led to the development of theoretical and computational
approaches for ‘“forward design”. Field-theoretic methods, in
which discrete coarse-grained polymer chains are approxi-
mated in a mean-field manner, has emerged as a powerful tool
for forward modeling and has been applied to a wide range of
interacting polymer systems. Energetic interactions are described
using an effective Hamiltonian, ', and explicitly depend on
system parameters like effective interaction strength and chain
architecture. There are two major categories of field-based
methods, the first of which is self-consistent field theory*®*!
(SCFT), and the second of which are field-theoretic simula-
tions**** (FTS). Both methods seek to find solutions and
corresponding free energy minima within the theoretical
Hamiltonian framework. SCFT seeks to find saddle points of
A, and neglects system fluctuations, and solves the governing
equations deterministically. FTS incorporates system fluctua-
tions through stochastic sampling, thus sampling a distribu-
tion of saddle points. Field-based methods have shown success
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in reproducing experimentally derived phase diagrams for block
copolymers, determining order-disorder transition (ODT) tem-
peratures, and has aided in the discovery of novel BCP
morphologies.?*2¢

The success of field-based methods as engines for forward
design has led to their use for driving efficient inverse design.
For example, Tsai and Fredrickson use a global optimization
technique, known as particle swarm optimization (PSO), in
tandem with SCFT, and developed a combined method termed
PSO-SCFT, to determine novel, globally stable and low-lying
meta-stable morphologies of block copolymers.>” The authors
benchmarked PSO-SCFT by recovering existing globally stable
morphologies of two systems, (1) AB diblock copolymer and
(2) miktoarm star polymer AB,, which both have well-
established phase diagrams, and discovered a novel, energeti-
cally competitive, “mystery” morphology for miktoarm AB,
polymer. Work by Khadilkar et al. also used PSO as a global
optimizer driven by SCFT for the inverse design of multiblock
polymers to target 3D network morphologies within the high-
dimensional parameter space.>® They optimize parameters such
as block fraction, blend fractions, and interaction strength to
directly determine viable designs. While field-based methods have
shown promise in accelerating block copolymer design, these
methods (a) sacrifice molecular details, such as configurations
and dynamics of individual polymer chains, (b) are only valid at
the limit of infinite chain length, and (c) neglect excluded volume
interactions. These molecular details are important in determin-
ing macroscopic properties such as mechanical strength, viscos-
ity, and thermal conductivity.>>™*" Particle-based simulations,
such as molecular dynamics simulations, provide chain level
details and enable computations of macroscopic material proper-
ties such as tensile strength and transport properties,**** but are
often expensive, especially for dense polymer melts, due to slow
system dynamics.**

In this work, we introduce a high-throughput computational
framework for the inverse design of self-assembled block
copolymers for targeted morphologies; an approach we named
RAPSIDY - Rapid Analysis of Polymer Structure and Inverse
Design strategY. Using molecular dynamics (MD) simulations
and an external guiding potential, we preplace polymer chains
with a chosen chain design within a specified target morpho-
logy, a process we call structural biasing. We study the relative
stability and compatibility between the chosen sequence design
and targeted morphology. Our goal is not to identify the global
free-energy minimum morphology for a polymer design but
rather to identify viable candidates within the polymer design
parameter space that are more stable in the desired morpho-
logy than others. We measure relative morphological stability
using a stability metric that compares the scattering profiles of
the structures against the target structure. Finally, the design
loop is closed by repeating this process, now with a different
sequence design.

Our methodology accelerates design space exploration by
two orders-of-magnitude over traditional molecular dynamics
simulation methods used in forward modeling and is designed
for parallelization and high-throughput screening. We showcase
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our methodology by identifying symmetric, linear pentablock
copolymer A,B,A,B,A, designs that exhibit stable double gyroid
morphology, a highly desirable microphase separated structure
for applications that need favorable mechanical and transport
properties. Our pipeline directly addresses the traditional difficult
inverse design problem and aids in the intelligent engineering of
novel, next-generation high-performance polymeric materials.

2. Polymer coarse-grained (CG) model

For this work, we focus our efforts on studying a symmetric,
linear pentablock copolymer (pentaBCP) A,B,A,B,A, system,
where both the degree of polymerization (DP) of the end A
blocks are equivalent and the DP of the middle B blocks are
equivalent. We chose this specific polymer because we have
extensive results from our recent work using traditional for-
ward modeling methods of molecular dynamics and self-
consistent field theory which we use to benchmark computa-
tional times and compare results to.>> Our recent work shows
that the melt phase behavior of this specific pentaBCP with
equal statistical segment lengths (b, = bg), at a given segrega-
tion strength, y, can be expressed in terms of two independent
variables: (1) the total volume fraction of A, f, = (2x + z)/N, and
(2) the volume fraction of A that is within the middle block
versus the total volume fraction of A, 7, = z/(2x + z), where x and
z refer to the A block DPs of the A,B,A,BjA, pentaBCP and N is
the total number of Kuhn segments. Even though we restrict
our demonstration of RAPSIDY in this paper to this specific
pentaBCP, the methodologies developed in this work can be
extended to the any one of the intractable designs among the
vast BCP design space and are not limited to symmetric, linear
pentaBCPs, which we simply use as a benchmark system.

We model each pentaBCP as a coarse-grained (CG) bead-
spring chain with two types of beads (hereon, referred to as A
and B) with each bead size chosen to be the statistical segment
length b of that monomer; we consider the case where b, = bg =
10. The adjacent beads in each chain are connected via
harmonic bonds with a potential of the form, Upona(r) =
kvona(r — 70)>. Here, r refers to the bead-bead separation
measured from the center of each bead and r, is the equili-
brium bond length. The equilibrium bond length, r, is set to
the arithmetic mean of the statistical segment length of the two
species involved, which, in our case, is 1¢. The force constant
is set to kpona = 50k,T/c”. Each polymer chain in our study
consists of N beads. We model the pentaBCP polymers as
flexible chains and, therefore, do not employ any angle or
torsional/dihedral potentials.

All pairs of nonbonded beads interact via a cut-and-shifted
LJ potential, Ueye

- (76 (62) 62 )} =

0 2> Teut

1)
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The depth of the energetic well, &, for self-interactions (A-A, B-B)
and cross-interactions (A-B) between bead types i and j are related
via the Flory-Huggin y parameter and are defined as:

)] e

where ¢, and egp refer to strengths of self-interaction energies,
eap refers to the strength of the cross-interaction, and z is the
coordination number. To vary y, we fix exa = égg = 1 and vary exp
appropriately for the targeted y value. We set the coordination
number to z = 6 in accordance with previous literature.***” The
cutoff radius, 7.y, is set to 2a.

3. RAPSIDY approach

Fig. 1 shows a schematic of the RAPSIDY framework which is
composed of three major steps: (1) initial selection, (2) structural
biasing, and (3) structural relaxation and stability analysis. The
workflow begins with an initial selection of a target morphology
for inverse design and a test BCP design sequence. Next, using a
method which we call “structural biasing”’, we directly place the
polymer chains in a simulation box within the targeted mor-
phology using an external guiding potential and a soft pushoff
potential. We screen multiple lattice constants in parallel using
a grid-search approach to determine compatible periodic box
sizes. Finally, in the structural relaxation and stability analysis
step, we use MD simulations to let the system relax without any
bias to its global free energy minimum (equilibrium structure)
or one of its local free energy minima (metastable structure) by
replacing the guiding and soft pushoff potentials with the
system’s natural non-bonded and bonded potentials. We ana-
lyze the relaxation trajectory to quantitatively determine the
stability of the targeted morphology with the selected polymer
design by comparing the computed scattering profiles of struc-
tures during relaxation and the scattering profile of the target
morphology. Finally, the design loop is closed and repeated
with the selection of another design sequence in an efficient
and parallelizable nature that allows for high-throughput
screening of the design space. Our pipeline is highly amen-
able to high-performance computing and machine learning
methodologies, like active learning,*® to quickly and optimally
query points within a high-dimensional BCP design space.
In the subsequent sections, we elaborate on each step of
RAPSIDY and demonstrate the efficiency of our methodology
compared to traditional MD simulations for determining viable
double gyroid polymer design sequences within the symmetric,
linear pentablock copolymer design space. We showcase that
RAPSIDY can independently screen many block copolymer
designs using multiple CPUs and accelerates computational
wall times required by two orders of magnitude over traditional
MD, even when using a naive grid-search approach. Incorpor-
ating optimal design space querying to RAPSIDY using machine
learning based active learning is the scope of future work.

This journal is © The Royal Society of Chemistry 2024
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Define the target morphology
and polymer design sequence for
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2. Simulation Biasing
Using guiding potential and soft
pushoff, preplace chains within
morphology and use naive grid
search to screen compatible box
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Lattice
Constant
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3. Relaxation and

Stability Analysis
Disable guiding and soft
pushoff potential and allow the
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Fig. 1 Schematic of RAPSIDY framework. Our framework begins with the initial selection of a target morphology and test block copolymer design
sequence. In the structural biasing stage, we directly place the chains within a simulation box within the target morphology using a guiding potential and
soft push-off potential. Using a grid search approach, we screen multiple different lattice constants to determine compatible periodic box sizes. Then, in
the relaxation and stability analysis stage, we let the system relax to its global free energy minimum, or one of its local free energy minima, with the
guiding potential disabled and soft pushoff potential replaced with a hard potential. We quantify stability purely in terms of similarity between the
computed scattering profile of the morphology after relaxation versus that of the target morphology. The design loop is then closed with the selection of

another design sequence in an efficient and highly parallelizable nature that is amenable to high-throughput screening of the design space.

3.1. Copolymer designs and target morphologies

We benchmark our inverse design methodology on a model
symmetric, linear A,B,A,;BjA, pentaBCP system with A and B
having same statistical segment length. At any value of y that
defines the extent of incompatibility between A and B, we can
define the design space of our system in terms of two variables:
(1) the volume fraction of A, f, = (2x + 2)/N, and (2) the volume
fraction of A middle block versus the total volume fraction of A,
74 = 2/(2x + z), where where x and z are the number of beads in
the A blocks of the A,ByA,B)A, pentaBCP and N is the total
degree of polymerization. We work with symmetric, linear
AB)A;B A, pentaBCP system with f, = 0.4, 74 = 0.8, and N = 50.

For canonical target morphologies, we consider double
gyroid (DG), hexagonally packed cylinders (Cs), lamellar (L),
face-centered cubic (FCC) and body-centered cubic (BCC); many
of these find use in various applications. For non-canonical
target morphology, we choose a hypothesized checkerboard
morphology.

3.2. Simulation system and box sizes

We simulate M number of chains of length N in a cubic,
periodic simulation box, where M is chosen to match the target
volume density of p = 0.45 in the simulation box to mimic

This journal is © The Royal Society of Chemistry 2024

dense melt conditions, as in previous studies of similar
systems.>**7*94* The typical number of beads within a simula-
tion box (N*M) studied in this work ranges from 3000 to 40 000
beads. At the beginning of our workflow, M chains are placed
randomly in a cubic simulation box of a predetermined size.
It is a well-known challenge when simulating BCP self-assembly
that incommensurability between simulation box sizes and the
intrinsic periodic unit cell, which is often not known a priori,
can affect the formation of specific phases.*"*> Certain 1D and
2D phases, like L and Cg, respectively, are more resilient to
incompatible box dimensions as they can morphologically
rotate to minimize internal strain. However, 3D phases, like
DG, cannot morphologically rotate and are prone to being
impacted by box size incommensurability. Thus, stability ana-
lysis of ordered phases for any given polymer design requires
both choosing a compatible (1) morphology and (2) box size
commensurate with the domain spacing of that morphology;
domain spacing is a function of the segregation strength, yN.
To understand the effects of cubic simulation box size, for
each target morphology, we run the workflow on different
simulation box sizes. This makes RAPSIDY amenable to high-
throughput computing and parallelization because each biased
structure (with a different box size) can be relaxed indepen-
dently in a separate CPU or GPU.

Soft Matter, 2024, 20, 8246-8259 | 8249
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For our model linear pentaBCP system with N = 50, f, = 0.4,
7o = 0.8, ¥N = 120, and various target morphologies of DG, Cs, L,
FCC, and BCC, we work with an array of box sizes. For each
morphology (except Cg), we screen the stability of each cubic
box size with equal side lengths from 15¢ to 354, in increments
of 50, at the limit of low, intermediate, and high segregation
strengths (yN = 60, 90, 120). The unit cell of C¢ does not have a
1:1 ratio in the x-y dimensions like the other morphologies
(ie., DG, L, BCC, FCC), but rather exhibits a 2:3"* ratio.
To keep system sizes comparable between morphologies, we
set the length of the x and z-directions, equivalently, from 15¢ to
350, in increments of 5¢, and scale the y-direction accordingly.

3.3. Structure biasing

During “structure biasing”, we start with the random initial
configuration of M chains with the specific design placed in a
cubic simulation box of specific size and generate configura-
tions that match the target canonical or non-canonical morpho-
logies by applying an external biasing potential, V... This
approach is similar to those employed by Nowak and Escobedo
to study stability of gyroid systems,** Miiller and Daoulas** to
study free energies of self-assembled structures via thermo-
dynamic integration, and Lequieu to study the equivalence of
self-consistent field theory and particle-based simulations.*’

M rel 2 rel 2
Ve =AY {(qo? — o f) +(<¢>? — o f) } (3)
i=1

In eqn (3), ¢} and ¢/™" refers to the number density of bead
type j within the simulation and reference morphology, respec-
tively, at mesh point i, M is the total number of mesh points,
and A is a positive user-defined scaling constant. When the
simulation density is far away from the target morphological
density field, the system potential energy is heavily penalized,
but tends to 0 as the system is closer to the target morphology.
Here, the density refers to the number density of each species
(in this case, A or B) at a particular location within the
simulation box. Mathematical derivations of the density fields
describing the morphologies studied in this work are described
and plotted in the ESI{ (Fig. S1-S6). The scaling constant,
A, controls the magnitude of the forces exerted on the beads.
We choose A such that the external forces are comparable in
magnitude to the forces exerted by the existing bonded and
non-bonded interactions for system stability. In our case, we
found A = 100 to be a reasonable tradeoff between stability and
equilibration speed. During structural biasing, we modify the
non-bonded interactions in the system by using a force-capped
LJ potential, defined as follows:

Ucut(”fc)7 r<rg

UfC(r) = { (4)

Ucut(")7 2>

The methodology of using a force-capped potential, known
as a soft pushoff procedure, slowly introduces excluded volume
interactions and allows beads and chains to overlap. This push-
off procedure has been shown to significantly accelerate equili-
bration of dense melts due to allowing chain movements that

8250 | Soft Matter, 2024, 20, 8246-8259

View Article Online

Paper

are traditionally unphysical in a traditional L] potential.**
We set the cutoff radius to r¢. = 0.8¢ initially and increase it
linearly over 5000 timesteps to rg = 225 over the course of the
structural biasing procedure.

We perform molecular dynamics simulations using the
large-scale atomic/molecular massively parallel dimulator
(LAMMPS)*® and allow the system to evolve in the canonical
ensemble using the Nosé-Hoover thermostat at a reduced
temperature of T* = 1 with the push-off potential and the
external guiding potential for 5000 timesteps. The timestep is
chosen as At = 0.017, where 7 is in reduced L] units of time. The
combination of the external guiding potential coupled with the
force-capped LJ potential allows all chains to settle within their
desired morphologies within 5000 timesteps. At the end of this
structural biasing step, the structures we obtain are referred to
as “biased structures”.

For our model linear pentaBCP system with N = 50, f, = 0.4,
A = 0.8, yN = 120, and various target morphologies, Fig. 2
shows the starting (a) random disordered melt and the differ-
ent biased structures for the chosen canonical target morphol-
ogy of (b) double gyroid (DG), (c) hexagonally packed cylinders
(Cs), (d) lamellar (L), (e) face-centered cubic (FCC), and (f) body-
centered cubic (BCC), as well as a non-canonical, hypothesized
checkerboard morphology after structural biasing from a (a)
random disordered melt. All biased structures shown are
periodic in the x, y, and z directions and represent 1 period
of the primitive unit cell (except for L, which we have used 2
periods to achieve a comparable system size).

Visual inspection of the structures shows that structural
biasing has “forced” the random disordered melt of ~15000
chains of A,B;5A;6B15A, design to adopt the six different target
morphologies. Our previous work using SCFT calculation and
traditional MD simulations showed that this polymer design
would adopt the Cs morphology at yN = 120 at equilibrium.

Besides visual inspection, we also quantify the structures
using the scattering profile, I(g), which we calculate using the
Debye equation:*’

1 Na Na sin(qr[,-)

I(q) =—
(@) NaiZij= qry

(5)

Here, q is the wavevector, r; is the vector between scatterers i
and j, and N, is the total number of type A beads, which we take
to be scatterers to find the scattering profile of the A domains.
Computed scattering profiles for each of the targeted morpho-
logies are shown in Fig. 3. Analysis of the primary scattering
peak, g*, shows agreement with the theoretically derived Bragg
peaks as reported in literature and supports our visual inspec-
tion for the formation of the canonical structures (b) through
(f). The location of the primary Bragg peaks for DG, Cg, L, BCC,
and FCC morphologies are g = 2—n\/6, 4—“, 2—“, 2775\/2 and 2—“\/’3’,
a V3d a’ a a
respectively, where a is the corresponding lattice constant
of the morphology. In all morphologies, except L and Cg,
the lattice constant is equivalent to the side length of the
simulation box. For L, the lattice constant is half the length

This journal is © The Royal Society of Chemistry 2024
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(c) Hexagonally
(a) Random initial melt (b) Double Gyroid  packed Cylinders (d) Lamellar

9909
A o

Body-Centered Face-Centered Checkerboard
Cubic Cubic

Fig. 2 Structural biasing of a random disordered melt of a symmetric, linear pentablock copolymer (A;B15A16B1sA, with fa = 0.4 and 74 = 0.8 at yN = 120)
into various canonical and non-canonical morphologies. (a) Random disordered melt used as an initial structure prior to biasing. Canonical morphologies
shown are (b) double gyroid, (c) cylindrical, (d) lamellar, (e) body-centered cubic, and (f) face-centered cubic. Non-canonical, hypothesized morphology
checkerboard morphology shown in (g).
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Fig. 3 Computed scattering profiles for biased structures of canonical morphologies shown in Fig. 2 (b) through (g) with theoretical primary Bragg peaks
overlaid. Shown morphologies are (a) double gyroid, (b) hexagonally packed cylinders, (c) lamellar (d) body-centered cubic, (e) face-centered cubic, and
4n 2T|: 2n

V3d

2
(f) checkerboard. The locations of the theoretical primary Bragg peaks are = 7”\/6, \/_ \/_ \/_ 2, respectively, where a is the lattice constant

of the morphology.

of the simulation box because we simulate two periods of the We also include an example of applying structural biasing
morphology rather than one for the other morphologies. For using a non-canonical “checkerboard” morphology to demon-
Cs, the lattice constant refers to the center-to-center cylinder strate that our guiding field can also initialize non-traditional
distance. (or undiscovered) phases. The only requirement is that the
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volume fraction of the target density field is consistent with
the sequence design by conservation of mass. Mathemati-
cally, this constraint is given by the following equation:
Jo*dV /[(¢™ + ¢B)dV = fx. The numerator, [p*dV, integrates
to the total number of A beads in the system and the denomi-
nator, [(¢* + ¢®)dV, integrates to the total number of beads in
the system. The quotient of these two quantities, thus, must be
equivalent to the volume fraction of A of the chosen sequence
design. Our checkerboard morphology was defined such that the
integrated fraction of species A, [p*dV /[ (" + ¢®)dV, is 0.4,
which is equivalent to the chosen volume fraction, f, = 0.4, and
thus is compatible with the chosen pentaBCP design in this
example. We theoretically derive the primary Bragg peak to be

2n . . . .
¢ = —+/2, which corresponds to diffraction resulting from scat-
a

tering by the (110) crystal plane, the diagonal crystal plane
perpendicular to the x-y plane that represents periodicity of A
beads within the checkerboard grid. Here, the lattice constant, a,
is the side length of the simulation box. The computed scattering
profile and theoretical Bragg peak for our checkerboard morphol-
ogy is shown in Fig. 3(f).

It is also important that we quantify the time required to
perform the structural biasing stage versus allowing the system
to naturally evolve from their random configuration to their
equilibrated structure, as in traditional MD simulations. The
structural biasing process using our guiding and soft push-off
potentials requires 5000 timesteps for each of the morpho-
logies studied, which takes ~5 minutes of wall time on an M1
Macbook Pro. Traditional MD methodologies, like the ones
used in our previous work,*® require ~4 orders-of-magnitude
additional timesteps to reach equilibrium morphologies from
a disordered melt. Specifically, in our previous work, it took
~2 days for similar system sizes on a 40-node supercomputer
running an Intel Xeon Gold 6230 processor.

3.4. Structural relaxation

After completing our ‘“structural biasing” stage and obtaining
our biased structures that exhibit our target morphologies, we
allow the chains in the structure to relax after disabling the
external guiding and push-off potentials and switching to their
natural non-bonded and bonded potentials. Using unbiased
MD simulations in canonical ensemble, we watch the system
evolve to a global or local free energy minimum. We find that
allowing the system to relax for only 10° timesteps, or 10 000z,
has been sufficient to determine if the chains of a specific
design choose to remain in the biased structure or not. Each
combination of morphology, box size, and segregation strength
can be independently biased and relaxed, and thus, can be
performed in parallel using high-performance computing
resources.

For our model system (N = 50, fy = 0.4, 75 = 0.8, yN = 120,
A;B15A16B15A;,), Fig. 4 shows examples of snapshots of trajec-
tories with biased structures consisting of DG, Cg, and L target
morphologies over the course of the relaxation at the limit
of high segregation, yN = 120, with identical box sizes of 300.
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We find that both the DG and Cg bias structures remain within
their target morphology after 5000t and 100007, suggesting
that there is a compatibility between both the prescribed
morphology and prescribed box size. However, the system
initiated as L, for all box sizes studied, quickly transitions away
from L (after 5000t) towards a perforated layer morphology,
after 10 000t. This morphological behavior is consistent for all
box sizes studied over three replicates and shows that L is quite
unstable; it is not even a meta-stable kinetically trapped state
within the free energy surface, even at the limit of high
segregation strength of yN = 120. At high segregation strengths,
BCPs are more prone to kinetic trapping and increase the
prevalence of meta-stable states.

We observe similar morphological stability behavior for an
intermediate segregation strength of yN = 90 but observe
microphase separation for DG, Cg, and L at the limit of low
segregation strength of yN = 60, within analogous box sizes
ranging from 15¢ to 350. We also find that BCC and FCC target
morphologies are not stable in any of the box sizes or values of
segregation strengths screened.

While we cannot comment on the relative stability (i.e.,
difference in free energy) of C¢ versus DG phases for this
polymer design (N = 50, 74 = 0.8, yN = 90, 120), previous studies
on kinetic pathways towards the formation of DG structures
show that the L to DG transition proceeds through two possible
intermediate structures, a hexagonal perforated lamellar struc-
ture and a fluctuating perforated layer structure.*®*® The latter
fluctuating perforated layer structure is observed in the system
initialized as L at both ¢ = 5000t and ¢ = 10 000t and suggests
that the system could be restructuring towards DG. A rigorous
relative phase stability (i.e., free energy of C¢ versus DG) and
global phase stability analysis (i.e., free energy of formation of
DG from disordered state, as well as associated free energy
barrier) would require expensive free energy calculations methods,
such as thermodynamic integration** or Widom insertions.>

The ability to systematically identify and study multiple
meta-stable morphologies for a chosen BCP sequence design
cannot be trivially accomplished using traditional MD methods,
such as simulated annealing, in which the final morphology
is predetermined by the chosen sequence, initial random seed,
and annealing rate, and showcases the strength of our RAPSIDY
methodology in screening commensurable morphologies and
their corresponding periodic box sizes.

3.5. Stability analysis

In this section, we discuss the final step of our methodology for
automated and high-throughput structure stability analysis.
In the previous sections, we manually determined the for-
mation and stability of specific morphologies using a combi-
nation of visual inspection and analysis of the scattering
profile, I(g), after the biased structures were relaxed. Such a
manual approach is not amenable to automated high-through-
put analysis and motivates the need for a quantitative metric to
determine stability.

To quantitatively determine the stability of the biased
morphology, we compare the scattering profile of the biased

This journal is © The Royal Society of Chemistry 2024
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Fig. 4 Snapshots of structural relaxation following structural biasing as (a) double gyroid (DG), (b) hexagonally packed cylinders (Cg), and (c) lamellar (L)
for a symmetric, linear pentablock copolymer A;B1sA16B1sA, design with fa = 0.4 and 14 = 0.8 at yN = 120, with a box size of 300. The systems biased as
DG and Cg rapidly equilibrate and remain in the initial morphology after 10 000t, suggesting both morphologies are meta-stable at yN = 120. However,
when the system is initialized as L, the system transitions towards a perforated layer morphology. Similar behavior is observed at an intermediate
segregation strength of yN = 90. All initialized morphologies become microphase separated at yN = 60.

structure (this serves as a known morphological reference)
prior to relaxation, to the scattering profile of final relaxed
structure after ¢ = 10 000t. The biased structure that is formed
using our external guiding potential is guaranteed to exhibit
the targeted morphology and is an excellent reference for
comparison as it is more realistic with appropriate fluctuations
due to the BCP chain packing. Several quantitative metrics have
been reported in the literature to compare scattering intensities
from two different material samples such as y*> metric and the
Pearson correlation coefficient.’" In this work, we choose to use
a similarity metric developed by Hura et al. known as volatility-
of-ratio (V;), which operates on the ratio of two scattering curves
(rather than the difference like y*> and Pearson correlation
coefficient), I(g), and is defined as follows:**

2| R(qi) — R(gis1)

Vo= Rl =Rl 2 ©)
Rq) = % )

Scattering intensities are calculated over 25 bins equally

. 2n
spaced bins between the lowest wavevector of ¢; = DL where

D is the smallest dimension of the simulation box, and the

This journal is © The Royal Society of Chemistry 2024

2n
highest wavevector of ¢»s = VL where d is the diameter of the

smallest bead in the simulation box. This volatility-of-ratio (V)
provides a robust distance metric for comparing two scattering
curves to determine structural similarity and has the advan-
tages of not giving increased weight to low resolution regions of
I(g) like 7> and the Pearson correlation coefficient. Smaller
values of V; imply higher similarity between the two compared
scattering profiles. We utilize the V, metric and a prescribed
cutoff value to compare I(q) of the biased structure and I(q) of
the relaxed structure to determine if the prescribed morphology
is maintained.

Fig. 5 shows a comparison of biased structures and relaxed
structures and their corresponding V; similarity metrics for a
symmetric, linear pentablock copolymer A,B;5A1¢B15A, design
with fy = 0.4 and 7, = 0.8 at yN = 120, with a box size of 30s, with
target morphologies of DG and L, respectively; these are the
same systems shown in Fig. 4(a) and (c).

For the DG biased structure (Fig. 5(a)), the peak location,
intensity, and breadth of the scattering profiles of the biased
structure and relaxed structure agree; they exhibit similar
primary scattering peaks of ¢, = 0.51¢! and ¢%,,, = 0.5167!
and a similarity metric of V, =2.46. The primary scattering peak
of the biased structure is approximately equal to the theoretical

Soft Matter, 2024, 20, 8246-8259 | 8253
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Fig. 5 Comparison of biased structure and relaxed structure scattering profiles, /(g), and similarity metrics, V,, for a symmetric, linear pentablock
copolymer A;B1sA16B1sA, design with fa = 0.4 and 74 = 0.8 at yN = 120, with a box size of 30s, with target morphologies of (a) double gyroid and
(b) lamellar. The double gyroid targeted morphology shows qualitative agreement between /(g) and a V, metric of 2.46, while the lamellar targeted
morphology shows significant qualitative disagreement between /(g) and a higher V, metric of 7.44. Images below the /(g) plots show the biased and

relaxed structures.

2
DG Bragg peak of 7“\/6 = 0.51, where the lattice constant, a, is

the box size (300), and supports our choice of reference profile.

For the L biased structure (Fig. 5(b)), however, there is
qualitative disagreement between the scattering profiles of
the biased structure and relaxed structure; they exhibit different
primary scattering peaks of ¢;, = 0.4l¢~! and ¢’,,, = 0.4907",
respectively, and a similarity metric of V, = 7.44. The primary
scattering peak of the biased structure is approximately equal to

the theoretical L Bragg peak of 2;“ = 0.42, where the lattice

constant, a, is half the box size (150) because we simulate two
periods.

The similarity metric of the DG system (V, = 2.46) is lower
than the similarity metric of the L system (V, = 7.44) and is
consistent with visual inspection of morphological stability. V;
can sufficiently capture differences in scattering profiles and
can quantitatively serve as a metric for determining stability.
For the rest of our study, we found that a cutoff value of

8254 | Soft Matter, 2024, 20, 8246-8259

V: < 3.5 for determining if two structures are morphologically
congruent was consistent with our visual observations. This is
contrary to the heuristic cutoff of V, < 2.8 prescribed by the
original authors for their system;*> we urge readers to adjust
the cutoff accordingly depending on the system and that
expert domain knowledge is needed to select an appropriate
cutoff value. In cases where multiple box sizes meet the user
prescribed stability cutoff (V; < 3.5), the one with the lowest V,.
value is deemed the most compatible box size with the chosen
morphology and polymer design sequence.

4. Inverse BCP design for target
morphology of double gyroid using
RAPSIDY

Having described the RAPSIDY workflow in the previous
section, we now demonstrate its use for high-throughput

This journal is © The Royal Society of Chemistry 2024
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exploration of the BCP design space and sequence-engineering
for targeted morphologies. In this section, we specifically focus
on one case study targeting symmetric, linear pentaBCP design
sequences for target double gyroid (DG) morphology. Network
morphologies, like DG, have been shown to exhibit desirable
materials properties such as enhanced electronic conductivity
and mechanical stability due to the bicontinuous nature of the
structure and have been used in applications such as active
membranes in photovoltaic cells®*** and electrochemical cells.”
However, the window of stability of the DG phase is often very
narrow within the BCP design space. This smaller stable window
for DG phase has been attributed to what is described in the
literature as “‘packing frustration” - the entropic penalty asso-
ciated with overstretching chains to fit within bulky DG nodes.>®
This practical use of DG morphology and the goal to widen DG
phase windows motivates our search for new polymer designs.

We screen the stability of the DG phase using our approach
outlined in the previous sections for pentaBCP designs with
fa=0.5and 7, € (0,1) using a grid search approach; this specific
pentaBCP design has been chosen due to our recent work using
SCFT and traditional MD simulations that provides us results
to compare to.*®

We chose a total degree-of-polymerization of 48 and screen
discrete values of 7, = 1/12, 2/12,...,11/12 with box sizes from
100 to 350, in increments of 5¢ at low, intermediate, and high
segregation limits (yN = 60, 90, 120). For each set of (t,, box
size, yN) parameters, we perform structural biasing (into DG),
followed by structural relaxation (for 100007), and stability
analysis with a cutoff value of V, < 3.5 to determine DG
stability. A design (ta, ¥N) is considered DG stable if any box
size screened has a stability cutoff value of V, < 3.5.

Fig. 6 shows a phase diagram with DG stability screened
using our grid search approach at yN = 60, 90, and 120. At yN =
60, there is no region of stability or metastability for the DG
phase and visual inspection of the trajectories show that the
systems shift to disordered microphase separated (DM) state.
This observation of DM is consistent with our previous study,
which studied symmetric, linear pentaBCPs using simulated
annealing, and found order-disorder transitions at segregation
strengths of (yN)opr > 80.%> We used the height of the contact
peak of the A-B radial distribution function, gas(r =~ 10), as a
measure of microphase separation in the melt. We found that
gas(r = 10) = 1.76 £ 0.06 was the transition point from
disordered microphase separated to disordered (DS) phase
(i.e., the limit of ¥ — 0). Lower values of gap(r = 10) <1.76
visually exhibited ordered structures or more pronounced
phase separated domains. Further detail on the distinction
between the DS and DM phases is available in our previous
work.”® The radial distribution function of A and B from our
relaxed structures show the gap(r = 1) contact peak to be
~0.86, which suggests that our systems exhibit DM rather than
DS behavior.

At yN = 90, we see two DG windows forming, one spanning
Ta = 1/12 to 2/12 and another spanning 7, = 10/12 to 11/12.
Analysis of the scattering similarity metric, V;, shows that the
expanded points of 74 = 3/12 and 7, = 9/12 had similarity
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Fig. 6 Double gyroid stability (a) phase diagram and (b) computed stability
metrics for a symmetric, linear pentablock copolymer A,B A.B A, design
with fa = 0.5 and varying 7, and segregation strengths (yN = 60, 90, 120).
Red squares and black X's in (a) signify sequence designs that exhibit a
stable and unstable double gyroid morphology at a given N, respectively,
chosen using a V, < 3.5 cutoff from computed stability metrics in (b). The
V, values shown in (b) for each combination of (za, yN) are for the most
compatible box size screened.

metrics of 3.7 and 3.8, respectively, at yN = 90, which just
misses our prescribed cutoff of V, < 3.5, and suggests that we
are approaching the ODT for the chosen 7, values. At yN = 120,
DG windows expand to 7, = 1/12 to 3/12 and 7, = 9/12 to 11/12,
respectively.

Soft Matter, 2024, 20, 8246-8259 | 8255


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d4sm01037j

Open Access Article. Published on 30 2024. Downloaded on 18.10.2025 13:20:40.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Soft Matter

Table1 Morphology stability analysis and comparison of primary scatter-
ing peaks, g* between traditional MD and using RAPSIDY for a linear,
symmetric pentablock copolymer with fa = 0.4, yN = 120, and varying a.
Stability metrics and g* values after structural relaxation shown are for the
most compatible box size screened

q*, traditional q*, RAPSIDY Morphology
Ta Morphology ~ MD (¢ ) (e™h stability, V;
0.2 DG 0.57 0.60 3.38
0.4 L 0.66 0.63 2.34
0.5 L 0.64 0.63 2.79
0.6 L 0.68 0.62 2.86
0.8 Ce 0.58 0.51 2.46

In this study, the DG stability of each pentaBCP design was
screened in ~ 2 hours of wall time on a 40-node supercomputer
with Intel Xeon Gold 6230 processor, whereas benchmarks
using our traditional MD approach required upwards of 4 days

Density

(c) Mean (*s.d.)

4,58 (£ 1.14)
4.03 (= 0.97)
§ 0.4
(%))
c
[0]
0 0.2
0.0 T T T T
(e) Mean (+s.d.)
3.90 (x 0.85)
4.07 (+ 0.94)
? 0.4 A
(%]
C
(0]
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0-0 T T T T
2 4 6 8
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of wall time for the formation of a stable morphology (which
often was not the targeted DG morphology) on the same
architecture.

In this case study, due to the fast calculations, we employed
a naive grid-search approach with two design parameters,
7 and yN, simply to showcase the proof-of-concept ability for
high-throughput screening of morphological stability for many
block copolymer design sequences. Our methodology can easily
be combined with high-throughput optimization techniques,
such as active learning and Bayesian optimization, to efficiently
query a high-dimensional design space with many design
parameters and is the scope of future work. Our methodology
is highly parallelizable as the stability results of each polymer
sequence design are independent of one another and offers
significant runtime improvement over traditional MD methods.

While our methodology has been shown to significantly
accelerate the formation of and stability testing of targeted

(b) Mean (+s.d.)
0.100 + 10.41 (+ 4.41)
9.17 (x3.80)
0.075 4
0.050 4
0.025 4
0.000 1 T T
(d) Mean (+s.d.)
0.100 + 11.59 (+ 4.85)
9.25 (+4.27)
0.075 4
0.050 4
0.025 4
0.000 f T T
() Mean (+s.d.)
0.100 4 8.81 (% 3.61)
9.55 (+4.02)
0.075 4
0.050 4
0.025 1
0.000 1 T 7
0 10 20 30
Ree (0)

[ Traditional MD

Fig. 7 Comparison of chain level statistics between RAPSIDY and traditional MD for different canonical morphologies. The distributions of the radius-of-
gyration and end-to-end distance (in units of g, in which 1¢ is equivalent to the statistical segment length of bead type A and B) are shown in the first
and second columns, respectively. From top to bottom, each row represents a unique morphology, corresponding to DG (t4 = 0.2), L (ta = 0.5), and
Cg (za = 0.8), respectively. Consistency in both the breadth and modality of the distributions suggest that the chain conformations adopted from RAPSIDY

and traditional MD simulations are similar.
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morphologies, we have not discussed how physically correct the
individual chain level details and conformations that form
within these morphologies are. Chain level metrics, such as
the radius-of-gyration (R;) and end-to-end distance (Re.), serve
as key indicators into polymer chain conformations and
dynamics within a melt, and directly influence macroscopic
material properties such as mechanical strength, viscosity,
and thermal conductivity.?*" It is critical to show that our
RAPSIDY approach does not trap the chains in unphysical
configurations after our biasing and relaxation steps. The chain
conformations analyzed for the various phases obtained for
symmetric, linear A,B,A,B /A, pentaBCP system with fy = 0.4,
N =50, xN = 120 at varying values of 7, obtained in our recent
work serve as comparison for our RAPSIDY approach’s chain
conformations. Specifically, we wish to verify that distributions
of R, and R, are quantitatively consistent for structures from
the two methods - fast RAPSIDY and slow, rigorous “traditional
MD” that uses simulated annealing.

We perform structural biasing and structural relaxation for
each pentaBCP design sequence (N = 50, f, = 0.4, and 7, = 0.2,
0.4, 0.5, 0.6, 0.8), targeting the morphology that was predicted
to be the free energy minimum from traditional MD (DG, L, L,
L, Cs, respectively) at yN = 120. During structural relaxation,
we follow the same protocol discussed in the previous sections
and screen the stability of each box size from 15¢ to 350, in
increments of 50. The compatible lattice constant for each
pentaBCP design sequence is known a priori from our tradi-
tional MD results (e.g., the box size needed to simulate a single
repeat unit of the morphology) by analyzing the location of the
primary scattering peak, g*, which we use to compare to the
corresponding g* for the most compatible box size found from
our structural relaxation procedure.

Table 1 shows the comparison of the morphology stability
(V;) and computed g* after relaxation of the most stable box size
(i.e., smallest value of V) found from RAPSIDY compared to
traditional MD. The sequence design of 7, = 0.8 has been tested
in a previous section in Fig. 5(a), and the results are repeated in
this table. We find quantitative agreement in morphology
stability, as determined by V;, and qualitative agreement in g*
values. All morphologies exhibit stability metrics of our pre-
scribed stability cutoff of V; < 3.5. Slight differences in g*
values computed via after structural biasing and structural
relaxation can be attributed to the discrete box sizes we screen
using our methodology. All sequence designs studied exhibited
highest stability at box sizes of 25¢ and 300, in which the
corresponding theoretical g* values bracket the g* values found
by traditional MD, suggesting the true intrinsic box size is
appropriately bounded.

Fig. 7 shows the distributions of R, and R.. found from
RAPSIDY versus traditional MD simulations for 7, = 0.2, 0.5, and
0.8, which form DG, L, and C¢ morphologies, respectively;
irrespective of morphology, we find agreement in breadth and
modality of the distributions from RAPSIDY versus traditional
MD simulations. Distributions of Ry and R for 7, = 0.4 and 0.6,
which both form L, are shown in Fig. S7 (ESIT). Consistency in
both the breadth and modality of the distributions suggest that

This journal is © The Royal Society of Chemistry 2024
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the chain conformations adopted by systems found by both
methods are similar. Slight deviations in the distributions is
expected and can be attributed to differing system sizes
because the number of chains needed to simulate an integer
number of periods of that morphology within the simulation
box is unknown.

In summary, we showcase the ability of RAPSIDY to rapidly
screen viable double gyroid candidates within the symmetric,
linear pentablock copolymer design space. We find that no
designs with fy = 0.5 are DG viable at the limit of low segrega-
tion (yN = 60) but find windows of DG stability for designs with
0 < 17y, < 0.25 and 0.75 < 75, < 1 at the limit of high
segregation (yN = 120). Our methodology yields chain confor-
mations and lattice constants that are consistent with those
obtained from traditional MD, while reducing computational
time by two orders of magnitude, even when employing a naive
grid-search approach.

5. Conclusions

In this work, we presented a high-throughput computational
framework, RAPSIDY - Rapid Analysis of Polymer Structure
and Inverse Design strategY - for the inverse design of self-
assembled block copolymers targeting specific morphologies.
We showcase our methodology by rapidly identifying sym-
metric, linear pentablock copolymer A,B,A,BA, designs that
exhibit a stable double gyroid morphology, a highly desirable
microphase separated structure for applications that need
favorable mechanical and transport properties, and accelerate
the design procedure by two orders-of-magnitude over tradi-
tional MD simulations. Our work is amendable to paralleliza-
tion through high-performance computing and can be used
in tandem with machine learning methodologies like active
learning for intelligent design space querying. While our meth-
odology offers significant reduction in computational cost over
traditional MD, RAPSIDY is limited to quickly identifying
designs that exhibit higher or lower stability for a desired
morphology rather than predict the true global free energy
minimum structure for that design. We expect the knowledge
we gain by using RAPSIDY to be highly valuable for guiding
synthesis of materials and accelerating creation of the next
generation of novel, high-performance polymeric materials.
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