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Due to the considerable parameter space, efficient theoretical and simulation methods are

required to predict the morphology and guide experiments in polymer nanocomposites

(PNCs). Unfortunately, theoretical and simulation methods are restricted in their abil-

ity to accurately map to experiments based on necessary approximations and numerical

limitations. In this study, we provide direct comparisons of two recently developed coarse-

grained approaches for modeling polymer nanocomposites (PNCs): polymer nanocom-

posite field theory (PNC-FT) and dynamic mean-field theory (DMFT). These methods are

uniquely suited to efficiently capture mesoscale phase behavior of PNCs in comparison to

other theoretical and simulation frameworks. We demonstrate the ability of both methods

to capture macrophase separation and describe the thermodynamics of PNCs. We system-

atically test how the nanoparticle morphology in PNCs is affected by a uniform probabil-

ity distribution of grafting sites, common in field-based methods, versus random discrete

grafting sites on the nanoparticle surface. We also analyze the accuracy of the mean-field

approximation in capturing the phase behavior of PNCs. Moreover, the DMFT method in-

troduces the ability to describe non-equilibrium phase behavior while the PNC-FT method

is strictly an equilibrium method. With the DMFT method we are able to show the evolu-

tion of non-equilibrium states towards their equilibrium state and a qualitative assessment

of the dynamics in these systems. These simulations are compared to experiments consist-

ing of polystyrene grafted gold nanorods in a poly(methyl methacrylate) matrix to ensure

the model gives results that qualitatively agree with the experiments. This study reveals that

nanoparticles in a relatively high matrix molecular weight are trapped in a non-equilibrium

state and demonstrates the utility of the DMFT framework in capturing non-equilibrium

phase behavior of PNCs. Both the PNC-FT and DMFT framework are promising methods

to describe the thermodynamic and non-equilibrium phase behavior of PNCs.

a)Electronic mail: rrig@seas.upenn.edu

2



Method Comparison

I. INTRODUCTION

The inclusion of organic and inorganic nanoparticles into a polymer matrix, commonly referred

to as a polymer nanocomposite (PNC), has received widespread interest due to the introduction

of enhanced mechanical, electrical, magnetic, and optical properties in polymer-based systems1.

For example, the spacing between plasmonic nanoparticles, such as gold nanorods (AuNRs), in

polymer thin films can be tuned to manipulate the optical properties in these materials2–5. It is

well-accepted that the particle morphology dictates the resulting material properties of the system,

so a key issue in PNCs is an understanding of the fundamental aspects that dictate the distribution

of nanoparticles within the polymer matrix. A common strategy to control the distribution of

nanoparticles is to graft polymer chains onto the surface of the nanoparticles, since tuning the

relative length of the matrix and grafted chains in athermal systems has been shown to affect

the spatial arrangement of the nanoparticles6–9. However, grafting chains onto the surface of

nanoparticles expands the already appreciable parameter space of PNCs with additional factors

to consider such as grafting density, enthalpic interactions between the grafts and matrix, and

complex grafting architectures.

Processing conditions are also known to play an important role in the final state of the

material10–12. Often PNCs are spin-coated from solution, after which the solvent rapidly evapo-

rates and vitrifies the matrix polymer, leaving the distribution of nanoparticles in their “as cast”

state, which may not be the lowest free energy state13,14. Several strategies have been developed to

manipulate the final structure of PNCs such as applying shear, external electric or magnetic fields,

solvent annealing, and thermal annealing15–19. Unfortunately, these approaches are applicable

in limited situations and add another step during processing. One such example is the aforemen-

tioned AuNRs in polymer thin films where solvent annealing has been shown to affect the structure

minimally14, and thermal annealing will reshape the nanorods into spheres20, which ruins their

attractive optical properties. Electric fields have been used to align AuNRs in solution21–23 though

it is unclear if these strategies translate to AuNRs in a polymer matrix, particularly once the ma-

trix polymer has vitrified. As a result, these AuNR systems are limited to their “as cast” state and

it is unclear from experimental characterization alone if these systems are in an equilibrium or

non-equilibrium state.

Theory and simulations provide an attractive approach to effectively isolate parameters of in-

terest and reduce the parameter space necessary to consider through experiments. However, theory
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and simulations are limited in their ability to accurately replicate experiments due to approxima-

tions and numerical limitations that are necessary to make the study of PNCs viable. The major-

ity of our fundamental understanding of PNCs stems from equilibrium models, such as PRISM

theory24–28 and self-consistent field theory (SCFT)14,29–34. Nonequilibrium methods remain a

particular challenge. Although great progress has been made recently in the systems that can be

simulated using atomistic or coarse-grained molecular dynamics, the length and time scales that

are tractable still remain somewhat limited. Comprehensive reviews by Ganesan and Jayaraman35

and by Kumar, Ganesan, and Riggleman36 discuss theoretical and simulation methods used to

study PNCs along with their strengths and limitations in properly modeling these systems. Here,

we extend their discussions with two more recent methods, polymer nanocomposite field theory

(PNC-FT)37–39 and dynamic mean-field theory (DMFT),40,41 where we focus on grafted nanopar-

ticles.

PNC-FT is a field-theoretic simulation approach in which the nanoparticle densities are writ-

ten as cavity functions that have a strong repulsion with the polymer monomers, and these cavity

functions are traced through the particle-to-field transformation to arrive at a model that only de-

pends on chemical potential fields; the theory is a generalization of the hybrid particle-field theory

(HPFT) framework developed by Sides and coworkers42. As a field-theoretic approach, the PNC-

FT is able to circumvent many of the equilibration challenges faced by particle-based simulations

of polymer nanocomposites. In more recent years, we extended the original theory of bare particle

nanocomposites37 to grafted particle nanocomposites38,39. Unfortunately, the effective use of the

grafted nanoparticle theory requires that the grafted polymers are attached to the nanoparticles

with a fixed, uniform grafting distribution across the surface of the particles. This uniform graft-

ing distribution is an evenly spaced probability distribution at the surface of the nanoparticle that

dictates the location of the grafted chains’ first segment. This approximation is often not correct

for experimental systems, but relaxing it substantially increases the computational expense of the

problem. A further limitation of the PNC-FT method is the difficultly in capturing dynamic and

non-equilibrium behavior since the theory is based on equilibrium statistical mechanics. Addition-

ally, field-based models are most efficiently used under a mean-field approximation, commonly

referred to as SCFT, where it is assumed that a single field configuration dominates the partition

function, thus ignoring fluctuation effects. However, the mean-field approximation can be inaccu-

rate for systems where thermal fluctuations are important and more advanced and computationally

expensive numerical schemes are necessary, such as complex Langevin (CL) sampling43.
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Recently, Fredrickson and Orland40 proposed a dynamic mean-field theory (DMFT) to incorpo-

rate polymer chain dynamics into a non-equilibrium partition function via a path integral represen-

tation. Shortly after the DMFT framework was proposed, we developed a numerical implementa-

tion of this framework to characterize solvent annealing in a block copolymer nanocomposite thin

film41. This framework is similar to other previously proposed models that implement a particle-

to-mesh scheme to interchangeably go between a particle-based model and a field-based model

such as self-consistent Brownian dynamics (SCBD)44, single-chain-in-mean-field (SCMF)45, and

a theoretically informed coarse-grained (TICG) model46. As the DMFT approach is based on a

non-equilibrium partition function, it has direct access to the dynamic pathways, contrary to the

PNC-FT method. Furthermore, implementing discrete grafting, where chains are grafted to spe-

cific locations on each nanoparticle, is straightforward in DMFT unlike in PNC-FT. We have also

shown that the DMFT framework captures the effect of thermodynamic fluctuations.

In this study, we first compare the effectiveness of the PNC-FT and DMFT approaches in their

ability to characterize grafted PNCs. Since these methods are easily constructed from the same

thermodynamic model, we can effectively isolate the role of thermal fluctuations and discrete

grafting while assessing the numerical efficiencies of each approach. After comparing the PNC-

FT and DMFT approaches, we then analyze the non-equilibrium nature of the DMFT. We compare

the phase behavior from the DMFT simulations to experiments on polystyrene (PS) grafted gold

nanorods (AuNRs) in a poly (methyl methacrylate) (PMMA) matrix. While we do not attempt

to exactly reproduce the experimental protocol in our simulations, the experiments provide a ba-

sis to assess the trends seen from the DMFT model. The DMFT’s access to non-equilibrium

states suggests the experiments presented below are in a non-equilibrium state. We emphasize this

conclusion is difficult to make with other theoretical or simulation methods or experimental char-

acterization alone. It is worth noting that while the DMFT approach can sample non-equilibrium

phenomena, it is currently limited in its ability to accurately map the dynamics of the experimen-

tal system. The DMFT framework we present is a Rouse model with Flory interactions and it is

unclear how to properly map the relative magnitudes of the nanoparticle and polymer mobility

coefficients. Furthermore, in this study we do not consider entanglement effects, though slip link

approaches could be implemented to capture these effects47–51.

The rest of the paper is organized as follows: In the following section, we present details of

the experimental methods and characterization. In section III, we provide the key aspects of the

PNC-FT and DMFT formalisms used in this study. Section IV describes the numerical methods
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used in implementing each model. In section V we discuss the results from the comparison of

the PNC-FT and DMFT models along with the corresponding DMFT simulations that are used to

compare to the experiments. Finally, we provide a summary and additional discussion in Section

VI.

II. EXPERIMENTAL METHODS

All reagents were purchased from Sigma-Aldrich unless otherwise noted. Thiolated polymers

were purchased from Polymer Source, Inc.

A. AuNR Synthesis and Functionalization

AuNRs are synthesized as reported elsewhere2,5,52,53. AuNRs were functionalized with thio-

lated polystyrene (PS-SH) with Mn of 11.5 kg/mol. Functionalization proceeds by first preparing

a solution containing PS-SH in tetrahydofuran (THF). Next, the as-synthesized AuNRs in water

were centrifuged down and the supernatant removed. The concentrated AuNR aliquot was then in-

jected into the THF / PS-SH solution under heavy stirring. The thiolated polymers were allowed to

incubate with the AuNRs in THF overnight. Finally, the now functionalized AuNRs were centrifu-

gated and the supernatant was removed and replaced with toluene. The centrifugation and solvent

replacement was repeated a total of three times to remove free thiol polymer from solution.

B. Thin Film Preparation

Polymer thin films were prepared by adding 0.7 to 0.4 mg of free poly(methyl methacrylate)

(PMMA) (Mn = 1.1 kg/mol or 77 kg/mol) to 100 µL of AuNR solution in toluene. The free

PMMA was allowed to dissolve and then 20 µL of the polymer / AuNR solution was spin cast at

2000 RPM onto a silicon wafer for scanning electron microscopy (SEM) imaging. The samples

were allowed to dry overnight prior to any imaging.

C. Thin Film Characterization

Thin film PNCs were analyzed by SEM. SEM was performed on a JEOL7500F in low angle

backscatter (LABE) mode.
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D. SEM Image Analysis

SEM images were analyzed using ImageJ image analysis software (v.1.45S). Prior to analysis of

the particle area, images were first thresholded such that the AuNRs were able to be recognized by

the software. Then, a macro was run in ImageJ that finds the centers of the AuNRs and calculates

the radial distribution function (RDF). The resulting RDF was averaged over 20 images from

different locations on the Si wafer of the same sample.

III. MODELING METHODS

A. Model Details

We first present the model for A homopolymers grafted to neutral nanoparticles in a B ho-

mopolymer matrix. For notational simplicity, the grafted chains, matrix chains, and nanoparticles

will be denoted as G, M, and P, respectively. The polymers are modeled as discrete Gaussian

chains with NG and NM segments for the grafted and matrix chains, respectively, while the nanopar-

ticles are described by a cavity function with radius RP. The microscopic density of the polymers

is given by

ρ̂K(r) =
nK

∑
i

NK

∑
j

h(r− ri, j), (1)

where

h(r) =
(

1
2πa2

)d/2

exp
(
− r2

2a2

)
. (2)

Here, K is either G or M, nK is the number of polymer chains of type K, d is the dimensionality

of the system, and a is the effective monomer size. The difference between the grafted and matrix

chains is that for the grafted chains, one chain end is restricted to the surface of the nanoparticles

while there is no such restriction for the matrix chains. The microscopic density of the nanoparti-

cles is given by

ρ̂P(r) =
nP

∑
i

Γ(r− ri), (3)

where nP is the number of nanoparticles, and the cavity function Γ(r) is defined as

Γ(r) =
ρ0

2
erfc

(
|r|−RP

ξ

)
. (4)
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Here, RP is the radius of the particle and ξ is the length scale in which the particle density goes

from ρ0 inside the core to 0 outside the core.

The polymer chains are connected via a Gaussian bonding potential

βU0 =
nK

∑
i

NK−1

∑
j

3|ri, j− ri, j+1|2

2b2 , (5)

where b is the statistical segment length of the polymer. Here, we assume that bG = bM = b. A

Helfand compressibility potential54 is used to enforce an energetic penalty for deviations away

from the average system density, ρ0, given by

βU1 =
κ

2ρ0

∫
dr [ρ̂+(r)−ρ0]

2, (6)

where ρ̂+ = ρ̂G + ρ̂M + ρ̂P is the spatially varying total microscopic density and κ controls the

strength of the density fluctuations. Finally, a repulsive Flory-like potential is used to include

enthalpic repulsions between the grafted and matrix chains

βU2 =
χ

ρ0

∫
dr ρ̂G(r)ρ̂M(r), (7)

while we treat the nanoparticle cores as enthalpically neutral.

B. Polymer Nanocomposite Field Theory

Here we present the main details of the PNC-FT framework where additional details can be

found in our previous works37–39. As the PNC-FT framework is a generalization of the HPFT

methodology, the derivation of each approach is similar. This section presents a generalized ver-

sion of the HPFT and PNC-FT frameworks that can leverage the advantages of each model, de-

scribed further below. The notation “exp” (short for explicit) corresponds with the HPFT approach

where the explicit nanoparticle coordinates are retained while “field” corresponds to the PNC-FT

framework. Hubbard-Stratonovich transformations are used to decouple the intermolecular inter-

actions and transform the relevant degrees of freedom from particle coordinates to chemical poten-

tial fields55,56. The result of the particle-to-field transformation is the equilibrium field-theoretic

partition function,

Z = z1

∫
drnP,exp

∫
Dw+

∫
Dw(+)

GM

∫
Dw(−)

GM e−H [{w}], (8)

where z1 contains the numerical prefactors such as the thermal de Broglie wavelengths and the

normalization constants from the Gaussian functional integrals used to de-couple the particle in-

teractions. H [{w}] is the effective Hamiltonian of the system, and {w} is the set of chemical
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potential fields for our system, w+,w
(+)
GM,w(−)

GM. We note that the explicit nanoparticle coordinates,

rnP,exp , remain as degrees of freedom in the partition function while the field-based nanoparticle

coordinates are integrated out similar to the polymer coordinates. The effective Hamiltonian is

given by

H [rnP,exp ,{w}] = ρ0

2κ

∫
dr [w+(r)]2− i

∫
dr w+(r) [ρ0− ρ̂P,exp(r)]

+
ρ0

χ

∫
dr [w(+)

GM(r)]2 +
ρ0

χ

∫
dr [w(−)

GM(r)]2

−nM lnQM[µM]−nP, f ield lnQP[µP]

−nG,exp

∫
dr σG,exp(r) lnqG,exp[r; µG], (9)

where QM, qG, and QP are the partition functions of a single matrix chain, grafted chain, and field-

based nanoparticle, respectively. The fields µG and µM are defined such that they are convolutions

of their density function, h, with their conjugated chemical potential fields, wG and wM, given by

wG = i[w++w(+)
GM]−w(−)

GM,

wM = i[w++w(+)
GM]+w(−)

GM. (10)

The field µP takes the form38

µP(r) = (Γ∗ iw+)(r)−nG, f ield
(
σG, f ield ∗ lnqG, f ield

)
(r), (11)

where the asterisk indicates a convolution operation. The first term in Eq. 11 encompasses the

interactions experienced by the nanoparticle core while the second term represents the free energy

of a grafted chain terminating at the surface of the nanoparticle. Without the second term, the

nanoparticle distribution would be unaffected by the grafted chains. The normalized grafting site

distributions, σG, are defined through a convolution of a grafting function with the nanoparticle

centers and divided by the number of nanoparticles. The uniform grafting function is defined by

Γσ ,uni f orm(r) =
1

σ0
exp

[
−
(

3(|r|−RP−ξ )

2b2

)2
]
, (12)

where σ0 is defined to enforce
∫

dr Γσ (r) = 1. In this study, when using the PNC-FT framework

we only ever use discrete grafting when we have no field-based particles and a single explicit

particle that is fixed in the center of the box. Discrete grafting with field-based particles requires

a discretization of the unit-sphere to properly account for the rotational degrees of freedom of the

asymmetric particles and significantly increases the computational expense of the problem37,39.
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This problem is further exacerbated for numerous discrete grafted particles because each uniquely

grafted particle requires a sampling of the discretized unit-sphere. However, these problems do

not arise for a single fixed particle. The discrete grafting function for a particle fixed in the center

of the box is defined as

Γσ ,discrete(r) =
1

σ0

nG

∑
i

exp

[
−
(

3(|r− rC|− [(RP +ξ ) ·ui])

2b2

)2
]
, (13)

where rC is the center of the box and ui is a randomly determined orientation vector of magnitude

1. We note that the grafting distributions defined here represent the distribution of the first grafted

segment of the grafted chains in a field-theory context.

The HPFT formalism is realized by setting nP, f ield = 0 while the pure field-based PNC-FT

formalism is realized by setting nP,exp = 0. The explicit particles allow for exact control and

knowledge of a particle’s position while the field-based particles lead to rapid calculations of the

probability distribution of several particles. The combination of both these approaches allows for

efficient calculation of the particle distribution around a single explicit particle, which can be used

to calculate the radial distribution function (RDF), g(r). In this study, we only ever set nP,exp = 0

or nP,exp = 1 where the single explicit particle is fixed in the center of the box.

C. Dynamic Mean Field Theory

Here we present the main details of the DMFT framework where additional details can be found

in our previous work41. The model is developed by writing an overdamped Langevin equation of

motion for the monomers where we neglect hydrodynamic interactions,

drk,s

dt
= Dβ [fb

k,s(t)+ fnb
k,s(t)]+Θk,s(t). (14)

Here, rk,s is the position of monomer s on the kth chain, D is the monomeric diffusion coefficient,

fb
k,s is the bonded force, fnb

k,s is the nonbonded force, and Θk,s(t) is the Gaussian white noise that

satisfies 〈
Θk,s(t)

〉
= 0, (15)〈

Θk,s(t)Θk′,s′(t
′)
〉
= 2Dβδk,k′δs,s′δt,t ′. (16)

The polymers are modeled as discrete Gaussian chains with the bonding potential described by

Eq. 5. This leads to a bonding force fb
k,s = (−3/b2)[(rk,s− rk,s−1)+(rk,s− rk,s+1)] where the first
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term is neglected for the first segment and the second term is neglected for the last segment of

each chain, and the t dependence on r is suppressed for clarity. In regards to the grafted chains,

because we have direct access to the explicit particle coordinates in a DMFT simulation, we simply

generate random points on the surface of the nanoparticles to act as the grafting sites for the grafted

chains. Specifically, we fix nG/nP grafting sites for each particle at a distance RP + ξ from the

center of the particle. These grafting sites do not contribute to the potentials defined in Eqs. 6 and

7. The first grafted polymer monomer interacts with the grafting site via a Gaussian bond such

that its distribution matches Eq. 13. Each nanoparticle has a unique grafting distribution. The

non-bonded forces f(nb)(r, t) are given as the convolution between the gradient of the non-bonded

potential, −∇u(r), and the microscopic density ρ̂(r, t) with the form

f(nb)(r, t) =−
∫

dr′ ∇u(r− r′) ρ̂(r′, t). (17)

Previous works37,57 have shown that the form of u is a convolution of the density functions of each

component (h for the polymers and Γ for the nanoparticles). For example, the non-bonded poten-

tial of the Helfand compressibility potential defined in Eq. 6 between a polymer and nanoparticle

is given by u(r− r′) = κ

2ρ0

∫
dr′′h(r′′− r)Γ(r′′− r′).

A Martin-Siggia-Rose (MSR) functional integral is then used to represent all possible config-

urations in space and time in a dynamic partition function where the dynamics obey the equation

of motion, Eq. 14. The dynamic partition function is given by

Z = ∏
t

∏
k,s

∫
drk,s(t)

〈
δ

[
rk,s(t +∆t)− rk,s(t)−Dβ∆t(fb

k,s(t)+ fnb
k,s(t))−ηk,s(t)

]〉
. (18)

Here, η is the stochastic process integrated over a single time step of size ∆t. The integrals in

Eq. 18 sum over all possible trajectories of the monomers, while the delta function selects only

those that follow a discretized form of Eq. 14, and the average is over all realizations of the noise,

ηk,s(t). Next, the identity

1 =
∫

Dρ δ [ρ− ρ̂]

=
∫

Dρ

∫
Dφei∆t ∑t

∫
drφ(r,t)[ρ(r,t)−ρ̂(r,t)], (19)

is used to introduce the continuous density field, ρ(r, t) and the conjugate response field φ(r, t)

that arises from the exponential representation of the delta functional in going from the first to the

second line in Eq. 19. Eq. 19 allows us to replace the microscopic density, ρ̂(r, t) with the con-

tinuous density field ρ(r, t) in the nonbonded force term. After some manipulation, the dynamic

11



Method Comparison

partition function can be written as

Z =
∫

Dφ

∫
DρeA, (20)

A = i∆t ∑
t

∫
drφ(r, t)ρ(r, t)+n logQ[ρ,φ ], (21)

where Q is the dynamic single-chain partition function and its form is given in Fredrickson and

Orland40. Next, we follow previous work40,41 by implementing a dynamic mean-field approxima-

tion. We can then solve the mean-field representation of the dynamic partition function by
δA
δφ

=
δA
δρ

= 0, (22)

which leads to

φ(r, t) = 0, (23)

ρ(r, t) = 〈ρ̂(r, t)〉 . (24)

Since φ(r, t) = 0 the dynamics can be evolved according to single-chain dynamics where a single

chain interacts in a continuous density field, ρ(r, t). Here, it is important to note that Eq. 14 can be

used to evolve the polymer chain dynamics where the continuous density field, ρ(r, t), is replaced

with the microscopic density in the nonbonded interactions such that fnb(r, t) = −
∫

dr′∇u(r−

r′)ρ(r′, t). This result allows us to efficiently evaluate the non-bonded forces, invoke the same

potentials defined in Eqs. 6 and 7, and allow for the same potentials to be used in both PNC-FT

and the DMFT framework.

IV. NUMERICAL METHODS

A. Polymer Nanocomposite Field Theory

Complex Langevin sampling is used to sample the complex fields appearing in the partition

function and corresponding Hamiltonian (e.g. Eqs. 8 and 9)

(
∂w(r)

∂ t

)
=−λ

(
δH

δw(r)

)
+η(r, t) (25)

where t is a fictitious time, λ is the step size of the field evolution, and η(r, t) is a Gaussian white

noise term that obeys the statistics

〈η(r, t)〉= 0 (26)

〈η(r, t)η(r′, t ′)〉= 2λδ (r− r′)δ (t− t ′). (27)
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We note that in the absence of the noise term (η(r, t) = 0), Eq. 25 drives the system towards the

mean-field (SCFT) solution. A first-order semi-implicit operator splitting technique58 is used to

discretize Eqn. 25 in our implementation.

B. Dynamic Mean-Field Theory

The numerical scheme used here to implement the DMFT framework closely follows our

previous work41. Here, we briefly recap the key ingredients. In this scheme, instead of the

Euler-Maruyama discretization shown in Eq. 18, we adopt another numerical discretization of

the Langevin equation of motion for the polymer segments proposed by Grønbech-Jensen and

Farago (GJF)59 to achieve stable trajectories and accurate thermodynamic properties. For a given

polymer segment (k,s) under the GJF form, its position is updated as

rk,s(tn) = 2bt rk,s(tn−1)−at rk,s(tn−2)+bt δ t2[f(b)k,s (tn−1)+ f(nb)
k,s (tn−1)] (28)

+
bt δ t

2
[θk,s(tn)+θk,s(tn−1)],

where δ t is the time step and at and bt are two integration parameters defined by

at =
1− δ t

2Dβmk,s

1+ δ t
2Dβmk,s

, (29)

bt =
1

mk,s +
δ t

2Dβ

, (30)

where mk,s is the mass of segment (k,s), respectively. The Gaussian random variable θk,s(tn) used

in the above equations has the following statistics

< θk,s(tn)>= 0, (31)

< θk,s(tn)θk′,s′(tn′)>=
2δ t
Dβ

δn,n′δk,k′δs,s′. (32)

Under the DMFT framework the bonded forces arise directly from the molecular configura-

tions, while the non-bonded forces, f(nb)
k,s (t) are calculated from a continuous density field ρ(r, t).

To evaluate the field, a first-order particle-to-mesh (PM) technique60,61 is implemented upon a col-

lection of molecules with explicit particle coordinates ρ̂(r, t) evolved according to the GJF scheme.

Then, the non-bonded forces f(nb)(r, t) are evaluated using fnb(r, t) =−
∫

dr′∇u(r−r′)ρ(r′, t). Fi-

nally, f(nb)(r, t) is mapped from the values on the mesh-grind to the segment (k,s) by using the PM

technique again, which gives the non-bonded forces on the segment, f(nb)
k,s (t).
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The nanoparticles experience torque from the grafting of polymers to the fixed sites on the

nanoparticle surface, which requires evolution of the rotational dynamics. To address this require-

ment in a concise way, we use Brownian dynamics of the rotational angle ψi(t) to describe the

rotational dynamics of the ith nanoparticle rotating about the axis running through the nanoparti-

cle center and vertically aligned with the 2D simulation plane. The ψi(t)’s equation of motion is

given as

ψi(tn) = ψi(tn−1)+µrTi(tn−1)δ t +θ r
i (tn), (33)

where µr is the rotational mobility that is inversely proportional to the nanoparticle moment of

inertia, VPρoR2
P, where VP is the volume of the nanoparticle and θ r

i (tn) is Gaussian white noise

with statistics

< θ
r
i (tn)>= 0, (34)

< θ
r
i (tn)θ

r
j (tn′)>= 2µrδ tδn,n′δi, j. (35)

The torque applied on the ith nanoparticle, Ti(tn), directly comes from the harmonic bonding

between the grafted chain-ends and the graft sites on the nanoparticle surface and has the form

Ti(tn) =
3
b2

NG

∑
k
[ri

g,k(tn)− ri,c(tn)]× [rk(0, tn)− ri
g,k(tn)], (36)

where rk(0, tn) is the position of the zeroth segment in the kth grafted chain harmonically bonded

to the kth graft site, ri
g,k(tn), fixed on the surface of the ith nanoparticle whose center is located at

the position, ri,c(tn).

C. Numerical Parameters

All calculations are conducted in 2D to most efficiently compare each model. Thus, the grafted

nanoparticles are confined to only move in 2D. In all calculations, b = 1.0, a = ξ = (1/3)b,

and κ = 5. The remaining parameters are varied depending on the context of the problem and

mentioned explicitly at the beginning of the corresponding Results section below. A key parameter

is the dimensionless chain density, C, defined as C = nMRgd/V , where d is the dimensionality of

the problem and V is the volume of the system. Here, Rg is the unperturbed radius of gyration

given by b
√

(N−1)/6. As C is lowered, the role of thermal fluctuations increases such that the

mean-field approximation becomes increasingly invalid.

14



Method Comparison

In the PNC-FT calculations, the quantity ∆tλ that shows up after Eq. 25 is discretized is set

to 10−5 for the w+ field and 10−6 for the wAB fields. Though larger timesteps are possible to

equilibrate the systems faster, they are not necessary due to overall efficiency of the simulations. In

the CL simulations, approximately 50,000 steps were necessary to equilibrate the system. After the

system was equilibrated, the systems were run for over an additional 2 million steps to calculate the

average density fields, which were sampled every 200 steps. The SCFT solution was determined

when the quantity ∆H/V ≤ 10−9, where ∆H is the difference in the Hamiltonian after 200 steps.

For all DMFT simulations, the mass of the polymer segments is set to 1 while for nanoparticles

the mass is set as the volume VP = ρ0πR2
P. The diffusion coefficients of the polymers are set to

1 while the nanoparticle diffusion coefficient is set to (VPρ0)
−1. The DMFT timestep δ t = 0.04

such that for example, 2500 DMFT steps equates to t = 100. Unlike the PNC-FT calculations,

assessing equilibration of the DMFT simulations is non-trivial. As a result, depending on the

system we calculate the density profile, brush profiles, or RDF of the nanoparticles over every

∆t = 40,000 to analyze the evolution of the nanoparticle structure. This is described in additional

detail in the corresponding Results sections.

In the DMFT simulations used to compare with the experiments, we use C of the experimen-

tal system to map our simulation parameters. Specifically, we choose a statistical segment of a

polymer b = 1 and a total system density ρ0 = 3.615. From mapping the experimental unper-

turbed radius of gyration to the model, b ≈ 1.47 nm and each coarse-grained monomer has an

approximate molecular weight of 0.5 kg/mol. We assume that the statistical segment size of PS

is equal to the statistical segment size of PMMA. The radius of the particle, RP, was chosen to be

4.073b (6 nm) and NG = 23 (11.5 kg/mol) to match the experimental system. Previous calculations

have shown that grafting densities of 1.0 chains/b2 in 3D gives grafted polymer density profiles

equal to 1.0 chains/b in 2D62. As a result, mapping the experimental grafting density, σ = 0.28

chains/nm2, to the theory leads to σ = 0.6075 chains/b. Here, we use experimental reference

value χ = 0.0463 based on a reference volume of approximately 0.16 nm3. After accounting for

our reference volume, ρ
−1
0 , we map χNM from the experimental system to the model such that χ

is set to 0.2 in all non-athermal calculations.
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V. RESULTS

A. Macro Phase Behavior and Approximation Validity

We first assess the macrophase separation of an enthalpic PNC system using a SCFT PNC-FT

calculation, CL PNC-FT simulations, and DMFT simulations, which for brevity we will shorthand

as SCFT, CL, and DMFT, respectively. Our first goal is to assess both the mean-field approxima-

tion and the influence of discrete grafting sites on the thermodynamics of our system. The SCFT

calculation uses a mean-field approximation while the CL and DMFT methods include thermal

fluctuations. In both the SCFT and CL methods, we assume uniform grafting on the nanoparticle

surfaces, while the DMFT simulations use discrete grafting sites. We note that discrete grafting is

more representative of experiments and it is therefore useful to understand where the uniform graft-

ing approximation breaks down. In these calculations, C = 3.2, NM = 60, NG = 20, and χ = 0.2.

We use 50 nanoparticles of size RP = 2.5b in a 21.6b x 252b box with 45 x 525 grid points. In all

calculations, we start with the grafted nanoparticles located in the center of the box. As a result,

the DMFT simulations equilibrate quickly such that the nanoparticle structure stops changing after

the first ∆t = 40,000 window. This holds true for all results presented in this section. To ensure

ample equilibration, all DMFT simulations in this section were run for t = 400,000.

Figure 1 shows the grafted nanoparticle volume fraction (nanoparticles plus grafts) φP+G for

each model using two grafting densities, σ = 0.1 chains/b and σ = 1.0 chains/b that equate to 2

and 16 grafted chains per particle, respectively. In each condition, there is distinct macrophase

separation. For the low grafting density, the grafted nanoparticle distribution from the uniform

grafting approximation does not agree with the discrete grafting of the DMFT method. However,

the grafted nanoparticle distribution in all three methods agree very well at the high graft density

though there is a larger gradient in the grafted nanoparticle distribution with the CL and DMFT

methods due to the inclusion of fluctuations. At the lower grafting density σ = 0.1 chains/b, the

SCFT and CL methods predict the polymer-rich phase to contain φP+G ≈ 0.04 and the grafted

particle-rich phase to contain φP+G ≈ 0.65 while the DMFT method predicts the polymer and

grafted particle-rich phases to be strongly phase separated with φP+G = 0 and φP+G = 1.0, respec-

tively. When σ = 1.0 chains/b, each model predicts strong macrophase separation in each case

with φP+G = 0 and φP+G = 1.0 in the polymer and particle-rich phases, respectively. As mentioned

previously, the difference in the CL and DMFT methods is the use of uniform vs. discrete grafting.
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When the grafting density is low, this approximation greatly affects the macrophase behavior of

the system.

Figure 1. Grafted nanoparticle volume fraction of an enthalpic PNC system using a SCFT calculation,

CL simulations, and DMFT simulations for (a) σ = 0.1 chains/b (2 grafted chains per particle) and (b)

σ = 1.0 chains/b (16 grafted chains per particle). The columns are used to emphasize the corresponding

polymer- and grafted nanoparticle-rich phases. Each system contains 50 nanoparticles of size RP = 2.5b

with C = 3.2, NM = 60, NG = 20, and χ = 0.2. The CL and DMFT simulations are averaged over 3

independent trajectories.

To investigate the role of these approximations, we analyze the details of the particle packing by

calculating the RDF, g(r), in each model. Figure 2 shows the RDF using the SCFT, CL, and DMFT

models with the same parameters as in Figure 1 except that we include σ = 0.5 chains/b and are

now using 20 particles in a 60b by 60b box with 125 grid points in each direction. Moreover, to

calculate the RDF in the SCFT and CL methods, we place a single explicit particle that is fixed in

the center of the box and calculate g(r) based on the distribution of field-based particles around

the explicit particle.

The packing of the nanoparticles is increasingly sensitive to the treatment of the grafting sites

as the grafting density is decreased. For the lowest grafting density, in Figure 2a we see that the

CL and SCFT curves significantly differ from the DMFT curve. Notably, using the DMFT method
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Figure 2. RDF of an enthalpic PNC system using a SCFT calculation, CL simulations, and DMFT simu-

lations for (a) σ = 0.1 chains/b (2 grafted chains per particle), (b) σ = 0.5 chains/b (8 grafted chains per

particle), and (c) σ = 1.0 chains/b (16 grafted chains per particle). Each system contains 20 nanoparticles

of size RP = 2.5b with C = 3.2, NM = 60, NG = 20, and χ = 0.2. The CL simulations are averaged over

10 independent trajectories while the DMFT simulations are averaged over 3 independent trajectories. (d)

Visualization of a SCFT calculation, CL simulations, and DMFT simulations displaying the nanoparticle

volume fraction for σ = 0.1 chains/b and σ = 1.0 chains/b.

for σ = 0.1 chains/b, we observe several discrete peaks in the RDF that represent close packing

of nanoparticles around a central particle, which is much less prominent in the SCFT and CL

methods. Due to the discrete grafting of the DMFT model, the particles can rotate and rearrange

more easily into a hexagonal lattice structure to minimize the unfavorable A−B contacts. As the

grafting density increases, we see that the CL curve agrees with the DMFT curve, though the lack

of fluctuations in the SCFT method still leads to notable discrepancies with the other two curves.

Here, the SCFT curve displays refined peaks indicating perfect, angularly smooth solvation shells

around a central particle (Figure 2d). However, both the CL and DMFT models indicate that

fluctuations affect the packing of the particles in the aggregate leading to RDFs that are both lower
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in magnitude and extend out to greater distances than the SCFT RDF. Nevertheless, each method

still predicts macrophase separation, and in this strong segregation limit the concentrations in the

phases were predicted to be approximately equal using all three methods.

To further explore the comparison of the methods’ ability to capture PNC-FT phase behav-

ior, we calculate RDFs for athermal systems (χ = 0) across varying NG and σ values as shown

in Figure 3. We hold NM = 60 constant. In athermal PNCs, we expect the particles to be dis-

persed at low values of NM/NG (≈ 2) and phase separated at high values of NM/NG (≈ 5) due to

entropic dewetting of the grafted polymers by the matrix polymers, although the location of the

phase boundary also depends on grafting density and particle size6–9,33 . While in most cases the

inclusion of fluctuations in the PNC-FT method via CL improves the comparison to the DMFT

method, we see that at high σ and high NG, all three curves show good agreement in their RDFs.

In these conditions, while the nanoparticles show some preferred clustering at short distances, the

nanoparticles are overall dispersed at larger distances. Therefore, the effect of fluctuations is not

important when the nanoparticles are prominently dispersed and far away from conditions that

promote macrophase separation. However, we see that for σ = 0.5 chains/b and NG = 60 that the

SCFT curve has a much less pronounced peak than the other two curves. This result indicates

that the inclusion of fluctuations in conditions that are closer to macrophase separation alters the

overall phase behavior. Furthermore, as we saw in Figure 2, fluctuations are important when the

nanoparticles are forming prominent aggregates in that they alter the packing of the nanoparticles.

Similar to Figure 2, as the grafting density is increased, we see an increasing agreement be-

tween the CL and DMFT curves. However, we see that when NG = 60, the CL and DMFT curves

agree at σ = 0.5 chains/b while at NG = 20, the curves only agree when σ = 1.0 chains/b. At

NG = 6, there are prominent discrepancies between the CL and DMFT curves even at σ = 1.0

chains/b. These results show that the validity of the uniform grafting approximation is not solely

dependent on the grafting density, but on both the grafting density and the grafted chain length.

As the grafted chain length is increased, the discrete grafting of the chains matters less because

the brush profile of the grafted chains is less affected by the specific grafting sites as the chains are

more able to wrap around the surface of the particle.

Figure 4 provides visualizations to support that the uniform grafting approximation is more

accurate with both high grafting density and grafted chain length. Specifically, we show the brush

profiles of a single, explicit particle using a SCFT calculation with uniform grafting, a SCFT

calculation with discrete grafting, and DMFT simulations for σ = 0.1 chain/b and σ = 1.0 chains/b
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Figure 3. RDF of an athermal PNC system (χ = 0) using a SCFT calculation, CL simulations, and DMFT

simulations for (a,d,g) σ = 0.1 chains/b (2 grafted chains per particle), (b,e,h) σ = 0.5 chains/b (8 grafted

chains per particle), and (c,f,i) σ = 1.0 chains/b (16 grafted chains per particle). The grafted chain length is

varied such that (a-c) NG = 6, (d-f) NG = 20, and (g-i) NG = 60. Each system contains 20 nanoparticles of

size RP = 2.5b with C = 3.2 and NM = 60. The CL simulations are averaged over 10 independent trajectories

while the DMFT simulations are averaged over 3 independent trajectories.

each with NG = 6 and NG = 60. In analyzing the visualizations from these calculations, it is clear

that the discrepancy in the profiles of the grafted chains is greatest when both the grafting density

and grafted chain length are small; the agreement among the methods improves as each of these

values increases. We note that treating a many-particle SCFT or CL simulation would require

integrating over all possible nanoparticle orientations, which renders the calculations significantly

more expensive39.

In summary, the uniform grafting approximation breaks down as both the grafting density and

grafted chain length decrease. Thermal fluctuations play a prominent role in the macro PNC phase

behavior when the system is close to the phase separated-dispersion phase boundary. Furthermore,

thermal fluctuations affect the packing of particles that are aggregated in that they reduce the order
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Figure 4. Brush profile comparison of grafted chains to a single fixed particle with varying σ and NG. In

each case, C = 3.2, NM = 60, and χ = 0. Each σ and NG displays calculations with uniform grafting and

no fluctuations, discrete grafting and no fluctuations, as well as discrete grafting and fluctuations. The units

of σ are in chains/b. In the discrete grafting conditions, different grafting sites are used in each case. The

colorbar denotes the volume fraction of the grafted chains.

of the packing.

B. Random vs. Biased DMFT Initialization

We next investigate the kinetics of phase separation and self-assembly in the DMFT approach

and their dependence on the initialization of the system. In all cases, we run 3 trajectories for

t = 1,000,000 with 20 nanoparticles of RP = 4.073b in a 186.4b by 186.4b box and 315 grid

points to a side. This equates to a nanoparticle volume fraction of φP ≈ 0.03. In this section,

ρ0 = 3.615, NG = 23, σ = 0.6075 chains/b, and χ = 0.2 in all cases. Figure 5 shows the RDFs for

the three matrix molecular weights (NM = {4,23,154}) where in each condition, the nanoparticles

are initially either randomized or biased as a single cluster in the center of the box. As the matrix

molecular weight increases, the RDF peaks increase. When the nanoparticles are biased and put

into the NM = 23 and NM = 154 conditions, the RDF shows that the DMFT framework predicts

the system will macrophase separate. For NM = 4, whether the particles are randomized or biased,

the nanoparticles end up dispersed in the polymer matrix. However, the DMFT simulations show

that the initialization protocol leads to long-time changes in the RDF for NM = 23 and NM = 154.
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While the biased simulations remain as a single aggregate throughout the simulation, the random

simulations coarsen into larger and larger clusters but never form a single macrophase separated

aggregate due to the increased time it takes for larger clusters to run into one another. This point

is described further below in conjunction with Figure 7. The biased simulations remaining as a

single aggregate suggest that macrophase separation is the equilibrium state, which is expected

due to the high χNM values for NM = 23 and NM = 154.

Figure 5. Comparison of RDF from DMFT simulations with random (black) and biased (red) initial condi-

tions for NM = 4 (a), NM = 23 (b), and NM = 154 (c). The RDFs are calculated from t = 960,000 to 1,000,000.

Visual representations are presented below for the random and biased DMFT simulations each with NM = 4

and NM = 154 at t = 1,000,000. Each condition is averaged over 3 trajectories.

A significant result from these simulations is shown in Figure 6. Figure 6 shows the RDF for

NM = 4 and NM = 154 with random and biased initial conditions at different times during the
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simulation. This figure shows that the NM = 4 and biased condition (Figure 6a) evolves towards a

dispersed state while the NM = 4 and randomized condition (Figure 6c) remains in a dispersed state

over the course of the simulation. Conversely, the NM = 154 and biased condition (Figure 6b) re-

mains as a macrophase separated aggregate and unchanged during the span of the simulation while

there is prominent coarsening in the NM = 154 and randomized initial condition (Figure 6d). Fig-

ure 5 and Figure 6 demonstrate the DMFT’s capability to capture non-equilibrium phase behavior.

From this, we observe how the PNCs in each condition evolve.

Figure 6. RDF evolution for NM = 4 (a),(c) and NM = 154 (b),(d) each with the nanoparticles initially biased

(a),(b) and initially randomized (c),(d). Each curve represents the RDF calculated at different time windows

where t = 0 to 40,000 (black), t = 160,000 to 200,000 (red), t = 360,000 to 400,000 (blue), t = 760,000 to

800,000 (green), and t = 960,000 to 1,000,000 (orange). Each condition is averaged over 3 trajectories.

To quantify the evolution of the PNCs further, we calculate the mean-squared displacement

(MSD) of the nanoparticles for each matrix molecular weight condition, for both the random and

biased initializations, in Figure 7. The MSD of the nanoparticles provides an assessment of how far

the nanoparticles have moved over the course of the simulation. We stress that this is a qualitative

comparison as the dynamics are based on a Rouse model with Flory interactions and it is unclear

how the relative magnitude of the nanoparticle and polymer mobility coefficients change as the

matrix molecular weight is increased. Figure 7 shows the nanoparticles move less as the matrix
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molecular weight increases. This result is consistent with larger chains diffusing more slowly than

shorter chains and thus, making it more difficult for the nanoparticles to move around.
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Figure 7. Mean-squared displacement (MSD) for NM = 4 (black), NM = 23 (red), and NM = 154 (blue). The

solid lines are the random DMFT simulations while the dashed lines are the biased DMFT simulations. The

purple line denotes a reference line with a slope equal to 1. The MSD was averaged over 3 trajectories for

each condition.

While Figure 7 only provides a qualitative comparison of the dynamics in the different con-

ditions, this behavior explains why the biased NM = 4 condition reaches its equilibrium state at t

= 1,000,000 in Figure 6a while the random NM = 154 condition is still coarsening and evolving

towards its equilibrium state at t = 1,000,000 (Figure 6d). Both the random and biased NM = 4

conditions have similar MSD curves as the simulations are evolving towards a dispersed state.

However, the MSD for NM = 23 and NM = 154 differ depending on whether the nanoparticles

are biased or randomized. Figure 7 shows that the biased nanoparticles in this regime move less.

This is due to the nanoparticles being in a larger cluster and the nanoparticles on average are more

confined to the movement of the single cluster compared to the randomized particles, which have

single nanoparticles moving around in the box or nanoparticles that are part of smaller clusters.

An important result from these simulations demonstrate that it is more challenging for nanopar-

ticles to reach an equilibrium macrophase separated state than an equilibrium dispersed state.

Specifically, as the nanoparticles coarsen into larger clusters, the clusters move more slowly and

there is a reduced likelihood of the clusters merging to form a single aggregate, though the depen-

dence of this slowdown on the size of the aggregate will likely not be accurately captured by our

simulations that neglect hydrodynamic interactions and entanglement effects. Significantly longer

trajectories would be necessary to see the NM = 154 random condition match the NM = 154 biased
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condition.

Finally, we make qualitative comparisons to experiments consisting of poly(styrene) (PS)

grafted gold nanorods in a poly(methyl methacrylate) (PMMA) matrix. Figure 8 shows a side-by-

side visual comparison of the experiments and the random DMFT simulations where similar phase

behavior is observed. Figure 9 shows the RDF of biased DMFT simulations, random DMFT sim-

ulations, and analogous experimental systems. Interestingly, in the high matrix molecular weight

condition, we observe that the initial condition of the DMFT simulations affects the comparison

to the experiments. Strikingly, when the DMFT simulations are randomized, the first peak of the

RDF and the RDF at relatively larger distances match near perfectly with the experiments while

the biased DMFT simulations largely overshoot the RDF of the experiments at short distances and

unlike the random DMFT simulations and the experiments, the RDF goes to 0 at larger distances.

The discrepancy of the random DMFT simulations and the experiments at moderate distances is

because we are modeling nanospheres while the experiments consist of nanorods. As a result,

the nanoparticles are going to pack differently and the RDF is not a perfect one-to-one compari-

son. Nevertheless, Figure 8 and Figure 9b support the conclusion that the experiments are not in

their equilibrium macrophase separated state but rather in a non-equilibrium or kinetically trapped

state. We emphasize that the comparison of the theory to the experiments is qualitative in that we

are modeling nanospheres and not nanorods and the theory contains no description of the solvent

evaporation process or casting of the nanocomposite into a thin film.

VI. SUMMARY AND DISCUSSION

In this study, we conducted a direct comparison of the effectiveness of the PNC-FT and DMFT

approaches in their ability to characterize grafted PNCs. Specifically, we analyzed the effect of

both the uniform grafting approximation and mean-field approximation on the phase behavior of

PNCs. The uniform grafting approximation becomes increasingly inaccurate as the grafting den-

sity and grafted chain length are decreased. The inclusion of thermal fluctuations affects the macro

PNC phase behavior when the system is near the phase separated-dispersion phase boundary and

reduces the order of packing in aggregated particles. The PNC-FT method is most efficiently used

with a uniform grafting and a mean-field approximation though the DMFT method trivially cir-

cumvents these approximations. Moreover, the DMFT method gives a route to analyze kinetic

pathways in the assembly of PNC systems. Often systems are not in equilibrium and understand-
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Figure 8. Experiment and random DMFT visualization. The experiments are SEM images for zoomed-out

and zoomed-in images while the DMFT is a snapshot at t = 1,000,000. The DMFT snapshots are the same

associated snapshots in Figure 5 but shown here to provide a more direct visual comparison to the experi-

ments. The experiments consist of AuNRs approximately 12nm in diameter and 40nm in length and have

a volume fraction of 3%. The experimental grafting density is approximately 0.28 chains/nm2. The DMFT

simulations are setup to match these parameters (see Numerical Parameters) though the nanoparticles are

modeled as spheres 12nm in diameter.

ing the dynamics or non-equilibrium nature of the system can be insightful for comparisons with

experiments. In this regard, the DMFT method is a more powerful tool to analyze PNC phase be-

havior than the PNC-FT framework, particularly if the structure is not in equilibrium or is based on

particular processing conditions. In particular, comparison of DMFT simulations to experimental

observations of phase behavior of polymer-grafted nanorods demonstrated that the experiments

are most likely in a kinetically-trapped state. The DMFT simulations also revealed that it is more

difficult for the nanoparticles to reach an equilibrium macrophase separated state than it is for them

to reach an equilibrium dispersed state, due to slow coarsening kinetics of nanoparticle clusters.

Although the DMFT method trivially circumvents the mean-field and uniform grafting ap-

proximations, this should not suggest that the SCFT and CL methods are not useful. The SCFT

method is extremely efficient computationally and provides a means to quickly approximate the
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Figure 9. RDF comparison between biased DMFT simulations (black), random DMFT simulations (red),

and the experiments (blue). The RDFs are calculated from t = 960,000 to 1,000,000. The theory is for NM

= 2 kg/mol (a) and NM = 77 kg/mol (b) while the experiments are done at NM = 1.1 kg/mol (a) and NM = 77

kg/mol (b). The DMFT simulations are averaged over 3 trajectories.

equilibrium state of the system. The SCFT method also provides direct access to the free en-

ergy and makes assessing the global or local stability of different phases or architectures trivial.

The CL framework provides the same advantages as SCFT except that while CL includes thermal

fluctuations, reaching an equilibrated state requires more computational time. Furthermore, in CL

accessing the free energy requires more advanced methods such as thermodynamic integration43,64

or Bennett’s method65,66. Furthermore, the numerical stability of CL simulations is substantially

less than SCFT calculations, particularly as the dimensionless chain density C is lowered. While

significant advances have been made with CL simulations, the lower limit on C that has been suc-

cessfully simulated is approximately 343. Unlike CL, the DMFT method is able to model low C

values with seemingly no stability issues.

The SCFT, CL, and DMFT models are also written in a formalism that is easily mapped to

experiments through simply needing to map the statistical segment length of the polymer and the

Flory χ parameter. Furthermore, all three of these methods provide a clear advantage in describ-

ing macro phase behavior of PNCs over atomistic or even bead-spring coarse-grained models of

PNCs from a computational standpoint. Specifically, accessing a large nanoparticle phase space in

particle simulations can be challenging because nanoparticle diffusion is severely hindered, par-

ticularly in entangled polymer systems. Additionally, it is difficult to assess when the system is

in an equilibrium or non-equilibrium state. While the DMFT framework shares the difficulty of

assessing whether the system is in a non-equilibrium or equilibrium state, we see that unlike atom-

27



Method Comparison

istic and bead-spring coarse-grained simulations, with DMFT we can explore a large PNC phase

space, easily access a diffusive regime, and improve the confidence that we are in a stable regime.
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