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Nanoparticles functionalized with photo-switchable ligands can be assembled into a broad range of
structures by controlled light exposure. In particular, alternating light exposures provide the means to
control formation of assemblies of various sizes and symmetries. Here, we use scaling arguments and
Kinetic Monte Carlo simulations to study the evolution of reversible aggregates in a solution of
periodically irradiated photo-switchable nanoparticles. Scaling estimates of the characteristic size and
the mean separation of aggregates agree with the simulations. The transition probabilities in the Kinetic
Monte Carlo scheme are derived from a renormalized master equation of the diffusion process.
Simulations on a system of nanoparticles, interacting through Lennard-Jones pair potentials that
change their character from repulsive to attractive depending on the light exposure, show that the slow
diffusion of particles at low effective temperatures (where the attractions are much higher than the
thermal energy) results in the formation of small, ‘‘kinetically frozen’’ aggregates. On the other hand,
aggregation does not occur at high effective temperatures, where the attractions are comparable to the
thermal energy. In the intermediate range of effective temperatures, ‘‘fluctuating’’ aggregates form that
can be stabilized by applying light pulses of specific lengths and frequencies. The aggregate sizes
increase by increasing the packing fraction and the aggregates undergo transition to a percolated
‘‘network’’ at high packing fractions. Light-control of inter-particle interactions can either inhibit or
promote nucleation and growth, and can reduce gel and glass formation.

1 Introduction
Self-assembly of colloids and nanoparticles can generate
a multitude of structures and patterns for a range of applications,
including catalytic systems,1,2 electronic devices3,4 and colloidal
inks.5,6 One of the major complications in the field is the control
of the assembly process such as to avoid kinetic trapping and
defect formation.7–9 Dynamic self-assembly10–13 aims at
producing ordered structures ‘‘on demand’’ by controlled energy
influx into the system. Systems are driven out of their natural
(equilibrium) states and forced to adapt ordered architectures, by
changes in the chemical or field-based stimuli. This strategy,
developed by Whitesides and Grzybowski14,15 has been widely
successful in the design of nanoscale components and systems, in
cases where the conventional equilibrium design methods do not
offer adequate and dynamic control over the formation of
assemblies. Of the many possible candidates of the control
variables, light stands out unique, as it is non-evasive and
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capable of instantaneous delivery at precise locations;16,17 as
opposed to the relatively slow chemical delivery methods for
which diffusive limitations are often present. Recent experimental efforts on the light induced self-assembly (LISA) of
photo-switchable materials18 have met with considerable success,
and many applications such as in self-erasable papers,6 catalytic
switches,1 and nanoscale temperature sensors19 are being
considered.
One barrier to future developments in dynamic self-assembly is
the lack of guiding general principles that would describe the
behavior of systems at miniature length-scales and far-fromequilibrium. Despite long history of research—dating back to
Onsager and Prigogine—non-equilibrium thermodynamics is
a field still in its infancy.20 In the absence of general description of
far-from-equilibrium systems, one has to resort to computational
approaches which, however, are system-specific and present
a multitude of technical challenges associated with tracking the
dynamics of infinitely many particles that are needed to explain
the mesoscale behavior of the systems under study. A useful
compromise is achieved by numerical schemes based on
continuum models, coarse-grained particle models, and implicit
solvent models. These methods enable the possibility of simulating larger systems for longer times, at the expense of some
arbitrariness in the definition of time. Phase-field approaches,21
Coarse-grained Molecular Dynamics (MD),22 and Brownian
dynamics methods23 are examples of such schemes.
Soft Matter, 2012, 8, 227–234 | 227

We propose here a scaling theory and a kinetic Monte Carlo
(kMC) simulation scheme to study aggregation kinetics in
a model non-equilibrium nanosystem of light-switchable nanoparticles (NPs) under periodic light forcing. As a case in point,
we consider a variation of an experimental LISA process,16 where
a solution of NPs functionalized with photo-switchable ligands is
subjected to alternating exposures to UV and visible light
(henceforth referred as ‘‘ON’’ and ‘‘OFF’’ states of light,
respectively), leading to the conversion of associative NPs to
non-associative NPs, and vice versa. Controlling the time duration of light exposure allows for a control of the sizes and the
polydispersities of NP aggregates.6 At the same time, the periodic
exposure is a test of the structural reversibility of these aggregates. This study of the phase behavior of ‘‘switchable’’ nanocolloids can thus provide a theoretical framework for studying
‘‘dynamic’’ materials whose properties derive from the ability of
the components to change their interaction potentials in response
to specific environmental stimuli. Also, the idea of periodic
forcing of switchable NPs is motivated by the issues of energy
efficiency in dynamic self-assembly where, as we show, achieving
an ordered state does not necessarily require a constant flux of
energy but only a properly timed sequences of ‘‘pulses’’ sufficient
to maintain the ordered states.

2 Methodology
Fig. 1A illustrates a schematic of our model system, whereby we
describe all relevant parameters of the model. The magnitude
and the time span of light exposure are crucial in determining the
resulting size and structure of the NP aggregates. In particular, in
the case of no light exposure, all NPs are non-associative and the
solution is akin to an ideal gas of particles. Under light irradiation and in the limit of very long aggregation times, all NPs are
associative and one large aggregate is expected due to the Ostwald ripening effect. For intermediate values of the aggregation
time, the system remains macroscopically homogeneous with
local heterogeneities characterized by the separation between
microscopic aggregates. Thus, it is reasonable to expect that the
sizes of the NP aggregates and the separations between them can
be controlled by varying the aggregation time sa and the disassembly time sd. In this spirit, the mean separation l between the
aggregates at the end of the aggregation phase, the mean free
path of free NPs in the original solution l0, and the diameter of
the NPs r0, provide the relevant length scales for the problem
(Fig. 1B). The packing fraction of NPs in the original solution h0
is related to l0 by h0 ¼ (l0/r0)3. The choice of sa and sd must take
into account the characteristic times for the non-associative (A)
5 associative (B) switching of individual NPs – these times are
defined as son and soff for the forward and backward transitions,
respectively. In the scaling arguments that follow, we consider
a scenario where the A 5 B transition is infinitely fast compared
to assembly and disassembly times under different light exposures (i.e. son  sa and soff  sd). We note that this assumption is
realistic for the experimental LISA systems where the isomerization of the nanoparticles (e.g., ones covered with azobenzenedithiol ligands16) under UV light is usually much faster than the
assembly or disassembly of any sizable NP aggregate. Furthermore, sd is chosen such that the system is devoid of all heterogeneities and returns to a random distribution at the end of the
228 | Soft Matter, 2012, 8, 227–234

Fig. 1 Schematic of the LISA process with periodic light forcing. (A)
Fraction of associative particles (green bold line) and light intensity
(black dashed line) as a function of time. and sa are the time spent in the
‘‘disassembly’’ and the ‘‘aggregation’’ phase, where the light is turned
‘‘OFF’’ and ‘‘ON’’, respectively. The associative 5 non-associative
transition follows a first order kinetics, with the fraction of sticky particles given by the first order kinetics, fB ¼ 1  edt/s (switch-on) and fB ¼
edt/s (switch-off), dt being the time spent since the last switch-on(off)
event. (B) Characteristic length scales in the disassembly and the aggregation phase. In the disassembly phase, the length scale is given by the
mean free path l0 ¼ h1/3
r0 where h0 is the packing fraction of particles in
0
the original solution, and r0 is the diameter of the particles. The aggregation phase has a characteristic length scale l, which corresponds to the
lattice parameter for ordered crystalline structures, and the mean distance
between oscillating units for disordered fluctuating structures.
on

off

disassembly phase. The latter criterion draws inspiration from
the recent experiments on self-erasing materials,6 where complete
structural reversibility was desired. As discussed later, we use the
scaling estimates to guide the kMC simulations, where these
simplifying assumptions are relaxed. In order to distinguish the
scaling estimates from those used in simulations, we represent the
scaling estimates of sd and sa by s and s0 , respectively.
2.1 Scaling analysis
The characteristic time needed to completely destroy an NP
aggregate is given by the familiar diffusion relation, s ¼ l2/D,
where D is the diffusion coefficient of the free NPs in solution. On
the other hand, NP aggregation can be represented as a homogeneous nucleation process of the type B + BN ¼ BN+1, where N
(t) is the number of NPs in the aggregate at time t measured since
the beginning of the aggregation phase. This description assumes
active nucleation centers of number density nc ¼ 1/l3. The
This journal is ª The Royal Society of Chemistry 2012

number density of free NPs (B) can be given by the first order
kinetics, with the rate constant given by the Smoluchowski
relation, K(t) ¼ 4pRD, where R  r0N1/3 is the radius of the
aggregate. The aggregation time can be estimated by using the
life time of free particles obtained from the numerical solution of
the kinetic equation dn(t)/dt ¼ K(t)ncn(t) for the number
density of free particles n(t) ¼ n0  nc, where n0 ¼ 1/l30 is the
number density of the particles in the original solution. The
aggregation time thus obtained is given by†
s0 ¼ s

l0
¼ sh1=3
:
0
r0

(1)

Note that s and s0 are not independent of each other. For
a given system, an increase in s0 must be accompanied by an
increase in s by the same factor. Finally, the maximum number of
particles in an aggregate, or ‘‘aggregation number’’, can be estimated by the relation, N0 ¼ (l/l0)3. As an illustration, we
consider the typical range of experimental parameters:1,16 r0 ¼ 5–
10 nm, D ¼ 4  107 cm2 s1, and n0 ¼ 1013–1014 cm3. Then, one
can estimate that the assembly and disassembly of aggregates
comprising N0 ¼ 1 000 000 particles requires exposure times of
s0 ¼ 250–5000 s and s ¼ 12–54 s, which is similar in magnitude to
the experimentally determined values. Moreover, s and s0 scales
as N2/3
0 assuming that other system parameters are held fixed.
Naturally, the scaling estimates give only a rough approximation of the assembly/disassembly process and lack any information on the packing fraction and the structure of the
aggregates, and the effects of the degree of particles’ association
and the diffusion rates. However, scaling estimates significantly
reduce the microscopic parameter regime of a large number of
model parameters, which needs to be explored to gain physical
insights into the underlying process. Therefore, we use the scaling
analysis to guide the kMC simulations, and to gain a detailed
understanding of the assembly/disassembly process. Note that
our current study is for a ‘‘forced dynamic self-assembly’’ process
which does not possess a natural frequency and characteristic
length scales of oscillations in the absence of periodic light
switching, thus enabling us to develop analytical scaling estimates. In the more general case of ‘‘self-oscillating’’ systems with
natural frequencies and characteristic length scales, preliminary
simulations are required to establish the scaling laws.24,25

hard-core potentials), where the magnitude of time step must be
small enough. Moreover, in a Brownian dynamics simulation, it is
practically impossible to distinguish between the stochastic terms
in the equations and those that appear due to numerical error.
This accumulation of numerical error manifests in uncontrolled
changes in the effective diffusion constant or the type of diffusion
(normal to anomalous). Further, one particular realization of the
stochastic ‘‘noise’’ term is often not relevant (and is physically
unrealistic) and we are interested in the average quantities which
are obtained by averaging over many trajectories. In the
following, we discuss a renormalization approach that addresses
all these problems. The key ingredient in this approach is that the
equations of diffusion dynamics are renormalized to a master
equation with transition rates identical to the Glauber definition
of transition probabilities,26 which can be efficiently solved by
Monte Carlo simulations.
Let us consider the diffusion kinetics of a particle in onedimension under the influence of an external force F(r). The
probability density to find the particle at location r at time t, c(r,
t), is given by the Smoluchowski equation,
vtc(r,t) ¼ vrj(r,t),
where the flux j(r,t) is given as,
j(r,t) ¼ D[vrc(r,t)  bF(r)c(r,t)],

† The numerical solution of the kinetic equation results in a prefactor of
the order unity on the right hand side of eqn (1) that is not considered in
the scaling estimates.
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(3)

with b ¼ 1/kBT, where kB and T are the Boltzmann constant and
temperature, respectively. For numerical convenience, eqn (2)
can be written as a difference equation of the form:
ð
1 rmþ1=2
1
Lm c ¼
vr jðrÞdr ¼ ð jmþ1=2  jm1=2 Þ;
(4)
a rm1=2
a
where we assume space and time discretizations, rm ¼ am and
tn ¼ nDt. A central difference approximation is used for the space
derivative of the flux and Lm is the linear operator for the time
difference. In the Forward Euler scheme, Lmc¼(cn+1
 cnm)/Dt,
m
n
where cm indicate the probability density of the particle to be at
location rm at time tn. Note that the simultaneous integral
transformation and discretization as applied in eqn (4) ensures
that the difference scheme is conservative meaning that the total
probability stays constant.
Next, we introduce an auxiliary field,

2.2 Renormalization of diffusion equations
The traditional approach of solving diffusion problems uses either
the numerical solution of the deterministic Smoluchowski diffusion equation or that of a related stochastic diffusion equation
using Brownian dynamics. A common problem in both methods is
that the choice of time-step is limited by the values of the interaction potential and temperature. This requirement is associated
with the numerical stability of these methods, and if a proper
timestep is not employed, one is often faced with the challenge of
error propagation with simulation time. This problem is even
more exacerbated if the interaction potentials are unbounded at
a certain point in space due to some constraints (e.g., in the case of

(2)

w(r) ¼ c(r)ebU(r),

(5)

where U(r) is the potential energy of particle at location r. Using
F(r) ¼ dU(r)/dr in eqn (5), eqn (3) for the flux reduces to,
jðrÞ ¼ DebUðrÞ

dwðrÞ
:
dr

(6)

Integrating dw(r)/dr in the interval r ˛ [rm,rm+1], we get,
rmðþ 1

dwðrÞ
dr ¼ wmþ1  wm
dr

rm

1
¼
D

rmþ1
ð

jðrÞebUðrÞ dr z jmþ1=2


a  bUmþ1
þ ebUm ;
e
2D

rm

(7)
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where we have used the fact that ebU(r) in the above integrand
changes much rapidly than the flux j(r) on the scale Dr ¼ a. Using
eqn (5) and eqn (7), we obtain the master equation,
i
2D h
jmþ1=2 ¼
Kðm þ 1/mÞcmþ1  Kðm/m þ 1Þcm : (8)
a
Here, K(m + 1 / m) and K(m / m + 1) are the dimensionless
transition rates defined as,
Kðm þ 1/mÞ ¼

ebUm
ebUm þ ebUmþ1

ebUmþ1
:
Kðm/m þ 1Þ ¼ bUm
e
þ ebUmþ1

(9)

(10)

1

 
1 þ exp b Ej  Ei

(11)

Note that the transition rate defined in eqn (11) is symmetric
and constrained in the interval [0,1]. At equilibrium (jm+1/2 ¼ 0)
the flux equation (eqn (8)) reduces to the Boltzmann distribution,
cm+1 ¼ cmexp[-b(Um+1  Um)].

2.3 Kinetic monte carlo (kMC) scheme
As derived above, the numerical solution of the diffusion equation through a difference scheme can be mapped to a finite step
Monte Carlo scheme with step size equal to the spatial discretization of the difference scheme. However, to complete the
transformation, we need a relation for the time step in terms of
the number of Monte Carlo steps and the step size in space. As an
example, we consider a one-dimensional diffusion problem with
a constant drift force F, such that U(r) ¼ Fr. In a given Monte
Carlo step, a particle may move from a position rn to rn+1 ˛
{rn,rn  a} in a time duration [tn,tn+1 ¼ tn + Dt]. The transition
probability for the movement is given according to eqn (11) as,




1
1
1
bFa
1

;
(12)
Pðrn /rn  aÞ ¼
z
2 1 þ eHbFa
4
2
where the last expression is valid for small F. Note that the
probabilities defined above are for the cases when the direction of
movement is first picked at random (with a probability 1/2 for
both + and  directions), and the particle can stay at its original
position with a probability 1/2. Thus, the mean drift is given by
the relation:
230 | Soft Matter, 2012, 8, 227–234

bFa2
:
4

(13)

Now, the mobility can be defined as,
m¼

hrnþ1 i  hrn i ba2
¼
:
F Dt
4Dt

(14)

Finally, using the Einstein’s relation, D ¼ m/b, we can find the
definition of timestep as, Dt ¼ a2/4D. This result can be easily
generalized to an arbitrary dimension d as,
Dt ¼

The resulting form of the flux term jm+1/2 is a renormalized one,
since the potential and temperature appear only inside the definition of coefficients, which are bounded. Thus, it is always
possible to find a constant time step which is not a function of
temperature or potential for which the numerical scheme will be
stable (errors will not propagate in time). Further, it is obvious
from eqn (12) and eqn (13) that the probability of transition into
a non-physical zone, where Um+1 / N, equals zero. Eqn (9) and
eqn (10) for the dimensionless transition rates are identical with
the definition of transition probability in Glauber dynamics.26
Namely, for a change in state si / sj with energies Ei and Ej, the
transition probability is defined as,


P si /sj ¼

hrnþ1 i ¼ hrn i þ aPþ  aP z rn þ

a2
:
4dD

(15)

The recipe of a kMC simulation using Glauber dynamics is
similar to the conventional Metropolis scheme,27 but with transition probabilities defined as


 1
DE
P ¼ 1 þ exp
;
(16)
kB T
for a transition with the energy change DE. Further, the choice of
particle displacements is limited to the continuum version of flip
movements of lattice simulations. In other words, the attempted
moves of particles are constrained to lie on a surface of a sphere
of radius a centered at the ‘‘old’’ position, where a is the step size.
We perform three-dimensional kMC simulations of a system of
NPs, placed in a large cubic box with periodic boundary conditions. The simulation box is composed of cubic cells of size l
(Fig. 1B). The number of such cubic cells provides a rough
measure of the number of aggregates expected in a simulation, as
estimated by the scaling arguments. Note that the cubic grid is
employed only to obtain better statistical measures and to
minimize periodicity artifacts; it does not play any role in the
evaluation of energetic interactions. We use a simulation box
with 53 ¼ 125 cubic cells in all simulations. A kMC step consists
of attempted moves of all particles, decided by the choice of the
azimuthal angle w ¼ 2pu and the polar angle f ¼ acos(2v  1),28
where u and v are random variables in (1,3). The attempted
moves are accepted with the transition probability given by eqn
(16). The ‘‘new’’ positions of particles, if a move is accepted, is
stored in a coordinate array, and is copied into the particle
coordinates once all particles have moved. Each kMC step
corresponds to a step in time given by eqn (15), that is, for d ¼ 3,
 2
a2
s0 a
Dt ¼
¼
;
(17)
12D 12 r0
where s0 ¼ r20/D is a convenient unit of time. We use a ¼ 0.1r0 in
our simulations. This choice gives reasonable acceptance rates of
particle movements. The degree of association is characterized by
a dimensionless temperature q h T/T0, where T and kBT0 are the
temperature and the depth of the LJ potential, respectively. The
interactions between particles at distance r are modeled using
a shifted LJ potential of the form:

UðrÞ 4 r0 12 r0 6
¼
þ 3;
r # rcut

kB T
q r
r
¼0

r . rcut

(18)

The tail-correction 3 is chosen such that U(rcut) ¼ 0 for a cutoff
distance rcut. We choose rcut ¼ 21/6r0 for interactions involving
This journal is ª The Royal Society of Chemistry 2012

non-associative particles, to mimic purely repulsive hard cores of
particles. A higher cutoff value of rcut ¼ 2.5r0 is used for shortrange attraction between associative particles, with the cutoff
chosen for efficiency in the implementation.
The effective diffusion rates of NPs inside the aggregates are
different from those of free NPs in dilute solution – characterized
by the diffusion constant D. Indeed, the effective diffusion of
NPs depends also on the local concentration, which is often
described in a phenomenological manner by including arbitrary
concentration dependence in D. Such ad hoc modification is not
required in the current model, because the diffusion of NPs inside
the aggregates is naturally reduced by the presence of nearby
particles, as reflected in the acceptance rates of kMC moves. For
example, at low temperatures, NPs diffuse slower inside the
aggregates (low acceptance rates) than compared to the high
temperature case or the free NPs in solution (high acceptance
rates). Further, since our objective is to capture the true
dynamics at short time-scales and not the equilibrium phase
behavior at long time scales, we refrain from the use of collective
moves that would necessitate the definition of multiple time
scales.

2.4 Characterization of aggregates
The aggregate size distribution is sampled by counting the
number of aggregates ni, with an aggregation number i, which is
defined as the number of particles in the aggregate (i ¼ 1,2.).
Two particles are considered to be the part of an aggregate if the
distance between them is less than 1.5r0.‡ Aggregate size distributions are used to compute the number average aggregate
P
P
size ðMn ¼ i ni i= i ni Þ and the weight average aggregate size
P
P
ðMw ¼ i ni i2 = i ni iÞ. The polydispersity of the aggregates is
defined as the ratio Mw/Mn and is equal to 1 for mono-dispersed
aggregates. The radial distribution function is averaged over all
particles in the simulation box at a given instant of time (not
time-averaged) and obtained by the standard binning procedure.29 Local bond order parameter q6 for particle i is
defined as,30

q6 ðiÞ ¼

6
4p X
q ðiÞ
13 m¼6 6m

!1
2 2

;

3

Results and discussion

3.1 Aggregate size
To quantify the effects of the degree of association and nanoparticle concentration, we analyze the system behavior for
a range of dimensionless temperatures, q, and packing fractions
of particles in the original solution, h0 after one cycle of light
exposure (Fig. 2 and Fig. 3). At low temperatures (q ¼ 0.05 in
Fig. 2A), the system favors small, ‘‘kinetically frozen’’ aggregates
with high degrees of symmetry. An increase in q beyond this limit
leads to an increase in size of the aggregates (q ¼ 0.2 in Fig. 2A)
and the system favors ‘‘flexible’’ structures with fluctuating
particles that remain in the aggregate. Increasing q further results
in ‘‘highly fluctuating’’ aggregates, which often dissociate and recombine with the constituent NPs (q ¼ 0.6 in Fig. 2A). At even
higher values of q (q ¼ 1.0 in Fig. 2A), aggregation does not
occur. This non-monotonic dependence on q arises from the
competition of energetic and kinetic effects. While the energetic
interactions due to the association of particles decrease with an
increase in q, the effective diffusion rates increase with increasing
q. Therefore, the system tends to favor small, relatively monodispersed aggregates at low q, which increase in size until q reaches a threshold temperature, where the kinetic effects become
dominant (between q ¼ 0.3 and q ¼ 0.4 in Fig. 3A). Beyond this
threshold temperature, the aggregates begin to dissociate and recombine and form highly fluctuating poly-dispersed structures,
and no aggregation occurs at very high q (q > 0.7 in Fig. 3A). An
increase in h0 leads to an increase in the size of aggregates
(Fig. 2B and Fig. 3B) eventually leading to the formation of
percolated ‘‘network’’ structures (h0 ¼ 0.2963 in Fig. 2B).
It is useful to note here that the effective temperature q in this
study is introduced as a measure of the degree of association and
should not be interpreted as the actual temperature of the system
at thermodynamic equilibrium. Indeed, the non-monotonic
dependence of the aggregate size on q is a consequence of the fact

(19)

where the local bond orientational order parameter q6m(i) is
given by,
1 XNb ðiÞ
q6m ðiÞ ¼
Y6m ð^
rij Þ:
(20)
Nb ðiÞ j¼1
rij) are the spherical harmonics of order six, r^ij are
Here, Y6m(^
the unit vectors connecting the particle i with its nearest neighbors and Nb(i) is the total number of nearest neighbors of particle
i. The nearest neighbors are found using a parameter-free
neighbor search algorithm.31
‡ The threshold distance must be chosen to be higher than the particle
diameter r0 and less than the cut-off distance of LJ interaction (rcut ¼
2.5r0 in our case). In general, the aggregates are loosely packed
structures with mean distance between particles substantially higher
than in the close packing limit (¼r0).
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Fig. 2 Typical simulation snapshots at the end of aggregation phase
after one cycle of light exposure. Snapshots are zoomed in to show
individual aggregates in detail and do not show the entire simulation box.
The contrast (bold or faded) of particles is used to indicate the depth of
particles from the top plane (close or farther). (A) For a range of q with
h0 ¼ 0.037. (B) For a range of h0 with q ¼ 0.2. sd ¼ s, sa ¼ sh1/3
and
0
l/l0 ¼ 4 for all snapshots. The relaxation process is assumed to be infinitely fast.
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Fig. 4 Radial Distribution function and local bond order parameter (q6)
distributions. Radial distribution function: (A) for a range of q with h0 ¼
0.037, (B) for a range of h0 with q ¼ 0.2. Probability density distribution
of q6: (C) for a range of q with h0 ¼ 0.037, (D) for a range of h0 with q ¼
0.2. The model parameters are sd ¼ s, sa ¼ sh1/3
and l/l0 ¼ 4. The
0
relaxation process is assumed to be infinitely fast.

Fig. 3 Number average aggregate size (Mn) and polydispersity (PD) of
the aggregates at the end of aggregation phase after one cycle of light
exposure. Variation of Mn and PD with (A) temperature q h T/T0 for
h0 ¼ 0.037, (B) with h0 for q ¼ 0.2. The model parameters are sa ¼ sh1/3
,
0
sd ¼ s, and l/l0 ¼ 4. The relaxation process is assumed to be infinitely
fast. Error bars have roughly the size of the symbol and represent the
numerical error as opposed to the error resulting from the presence of
stochastic term in Brownian dynamics.

that the systems at different values of q are subjected to equal
exposure times, which are estimated by scaling arguments. We
believe that the systems at low temperatures would tend to form
much larger aggregates, if they are allowed sufficiently long time
in the aggregation phase. However, the dissociation and recombination of aggregates at high q is expected to be present
even at high temperatures in thermodynamic equilibrium, where
the magnitude of inter-particle attractions is comparable to that
of thermal fluctuations.
3.2 Aggregate structure
In Fig. 4A and Fig. 4B, we show the radial distribution function g
(r/r0) at the end of one cycle of light exposure. The sharp peaks in
g(r/r0) are indicative of the development of a local order inside
the aggregates. The features in g(r/r0) are enhanced with
a moderate increase in q (q ¼ 0.05–0.2 in Fig. 4A) and as h0
increases (Fig. 4B) due to the increase in the number of layers of
particles in the aggregates. However, the features disappear with
a further increase in q (q ¼ 0.4–0.8 in Fig. 4A) after the onset of
232 | Soft Matter, 2012, 8, 227–234

dissociation and recombination of aggregates. It is difficult to
quantify the crystallinity of aggregates of fewer than hundred
particles observed in this study. The conventional procedure of
crystal structure determination in simulations defines a particle
to be ‘‘crystalline’’ or ‘‘solid-like’’ if the local neighborhood of the
particle is identical (or strongly correlated) with its neighbors,30,32
as determined by the correlations of the Steinhardt order arameters33 or its modifications.34 Such criterion is indeed not met in
small nano-clusters, with few layers of particles and large surface
to volume ratios. We use the distribution of local bond order
parameter q6 (Fig. 4C and Fig. 4D) as a probe to the development of crystalline order on an individual particle level.30,32,33 We
find that the distributions at low q (Fig. 4C) and low h0 (Fig. 4D)
are shifted towards high q6, indicating that the particles inside the
aggregates are more crystalline in these cases. At low q, particles
pack tightly because of high inter-particle attractions, giving rise
to a crystal-like ordering (or, for few particles, symmetric
structures). On the other hand, at low h0, the aggregates are less
fluctuating as opposed to the high h0 case where the crowding of
particles leads to competing attractions from all the neighbors
leading to higher flexibility. However, we did not observe a narrowing of q6 distribution, as one would expect for perfect crystalline structures.32 With regards to the actual LISA experiments,
we observe that a covalent cross-linking (of thiol groups) in
addition to the short-range dipole–dipole attractions was
necessary to induce perfect crystalline order,16 and high quality
crystals were not formed in the absence of this crosslinking.6
However, the existence of such crosslinking renders the structures irreversible, as it is difficult to break the covalent bonds
after it is formed.

3.3 Reversibility and relaxation
We have so far considered the final state of the system at the end
of the first cycle of light exposure and assuming that the relaxation process is infinitely fast. Fig. 5 shows the system behavior
after five cycles for different disassembly times, wherein the
This journal is ª The Royal Society of Chemistry 2012

monomers.35 The free-radical polymerization process contains
an initiation step where the free radicals are formed from initiators (such as peroxides) followed by a propagation step wherein
the polymer chains absorb these radicals to form longer chains.
Polymerization terminates when these radicals combine leaving
no free radicals. The rate of initiation and propagation steps is
proportional to the intensity of light exposure and thus can be
stopped by switching off light, while radicals may still combine
thus reducing their concentration. The initiation/propagation
and termination steps in this process are analogous to the
aggregation and disassembly of NPs in the LISA process, except
that in the free radical polymerization, the polymer chains once
formed cannot degrade, as opposed to the forming and breaking
of the assemblies in the LISA process. Therefore, the concentration of free radicals in solution shows a trend similar to that
depicted in Fig. 5 for the aggregate size.

Fig. 5 Aggregate size evolution with time and the effect of relaxation.
The model parameters are h0 ¼ 0.037, sa ¼ sh1/3
, l/l0 ¼ 4, and q ¼ 0.2.
0
The switch-on process is assumed to be infinitely fast but the switch-off
process has a finite relaxation time soff ¼ s. The results are for five ONOFF cycles.

4

associative / non-associative transition occurs with a finite
relaxation time such that the aggregates do not dissolve
completely in the disassembly phase. The non-associative /
associative transition is assumed to be infinitely fast, as in the
previous discussion. This particular choice is guided by the
experimental observation that the associative NPs in the aggregates take longer to switch to non-associative when the light is
turned OFF, as opposed to the relatively fast switching of
particles when the light is turned ON.6,16 Aggregates evolve in
a nonlinear way with larger rates of evolution at the beginning of
the aggregation phase, and smaller rates towards the end of the
aggregation phase. We observe that short disassembly times
(sd ¼ 0.05s  0.2s) do not significantly affect the final aggregate
size, when compared to the case where the light is kept ON for
the same period (sd ¼ 0). In fact, it may lead to an increase in the
aggregate size, as observed for t > 1500s0 in the figure. This is
because short disassembly times allow the aggregates to reorganize; they evolve at a faster rate when light is turned ON
again. For intermediate disassembly times (sd ¼ 0.5s), the system
evolves into smaller aggregates when compared to the sd ¼
0 case. For even higher disassembly times (sd ¼ s), the aggregation behavior is completely reversible and the aggregates evolve
to approximately the same size after every cycle of light exposure.
We performed this analysis for a range of q values (not shown)
and analyzed the temperature dependence of aggregate size at
various values of sd for different cycles of light exposure. Typically, the choice of sd has smaller influence on aggregate size for
high values of q where diffusion effects are dominant meaning
that the aggregates evolve to similar sizes after the light is
switched off for a certain period, when compared to the case
when the light is ON for the entire period. However, sd has
a stronger influence for low values of q, where the attractive
forces are dominant, and an increase in sd beyond a certain value
(sd > 0.2s in Fig. 5) gives rise to smaller aggregates. Thus, the
frequency of light exposure in combination with the exposure
times can be used as a design variable to form aggregates of
a desired size and reversibility.
The behavior shown in Fig. 5 exhibit striking similarities with
the photo-initiated free-radical polymerization process of vinyl

We develop here a combination of scaling theory and kinetic
Monte Carlo scheme to analyze switchable self-assembly
processes of nanoparticles. The model we implemented entailed
simple potentials but its general features are representative of the
experimental light-switchable nanosystems.1,6,16 The system
density and temperature (degree of association) are found to
have a profound influence on the aggregation dynamics and on
the resulting aggregate size distribution of the particles. Our
model predicts the formation of fluctuating (or ‘‘flexible’’) and
‘‘kinetically frozen’’ structures with varying degrees of association and packing fractions of the original solution, in agreement
with the experiments.16 We also find network structures that
resemble spinodal decomposition patterns for high packing
fractions.36 The competition between energetic and kinetic effects
in light-controlled self-assembly affects local and global order of
the forming structures. The local order of the aggregates, which
is characterized here by the radial distribution function and the
local bond parameter distribution, show a tendency to crystallike ordering at low degrees of association and low packing
fractions of the original solution. This provides a route to avoid
frozen, disordered glass-like structures characteristic of many
aggregating colloidal systems.7 Finally, we establish that the
exposure times and the frequency of light exposure are important
design variables to achieve structures with a desired size and
reversibility.
The kinetic Monte Carlo scheme developed here provides
several advantages over the conventional dynamical simulation
methods (e.g., Brownian dynamics). Since particle displacements
are accepted/rejected in a Monte Carlo fashion, as opposed to
moving particles following a stochastic equation of motion,
unphysical movements (e.g., violation of a hard core assumption)
are not possible (these moves have zero acceptance). Further, the
absence of a stochastic ‘‘noise’’ term resolves the computational
difficulties associated with generating statistically independent
trajectories with definitive mean properties. This advantage is
particularly relevant for cases where the magnitude of the driving
force is comparable to the stochastic noise in Brownian
dynamics, such as in nucleation processes when Zeldovich
factors are small or phase segregation process that occur close to
critical points as well as the initial kinetics of phase segregation
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near spinodal decomposition lines. Finally, since the timestep is
independent of the magnitude of the interaction forces, much
longer time-steps can be employed than the conventional
Brownian dynamics technique. It would be interesting to
compare the accuracy and performance of this scheme for model
systems to gain a detailed understanding of these differences.
The theoretical methods we described can be extended to study
light induced aggregation in systems with more complex interactions, such as electrostatic interactions, providing a possibility
to control re-entrant transitions characteristic of colloidal
assembly37,38 through the competition of short- and long- range
interactions. In the future, it would be interesting to study
systems of switchable colloids that can interact irreversibly (as in
experiments where light-irradiation induces crosslinking of the
NPs by covalent bonds). Our work shows that the kinetic Monte
Carlo scheme for continuum (off-lattice) reaction-diffusion
problems in soft-matter systems has great potential for largescale simulations of non-equilibrium microstructures. The
method can be extended to the design of specific morphologies
and symmetries and to explore emergent phenomena by
switching periodically and non-periodically the nature of the
inter-particle interactions.
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