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ABSTRACT: The dynamics of athermal polymer blends with stiffness disparities are studied using
computer simulations of the bond-fluctuation model. For mixtures of ten-mer chains, we see a difference
in the temperature dependence of the diffusion coefficients of the two blend components for all blend
compositions with appreciable amounts of the more flexible component. Hence, our model system can
qualitatively capture the composition dependence of dynamic heterogeneity that is observed experimentally
in miscible polymer blends. While blends of ten-mer chains display clear evidence for dynamic
heterogeneity, the dynamics of the two components in blends of dimers are identical over the entire
temperature range studied. Shorter chain systems experience smaller concentration fluctuations and
smaller contributions from chain connectivity, suggesting that local concentration variations play a critical
role in the dynamic heterogeneity that is observed experimentally in miscible polymer blends with weak
interactions. The diffusion coefficient of dilute flexible chains in a matrix of stiff chains is identical to the
diffusion coefficient of the matrix chains at all temperatures, clearly demonstrating that inherent mobility
differences of the two chains cannot solely explain blend dynamics.

I. Introduction
The blending of two miscible polymers is a cost-

effective method for producing new materials with
tailored properties. Although thermodynamically mis-
cible, and hence molecularly mixed, often the dynamics
of the two components in the blend exhibit different
temperature dependences (dynamic heterogeneity). This
heterogeneity causes a breakdown in the empirical
time-temperature superposition principle. Such ther-
morheological complexity has been reported for miscible
blends with weak interactions, where the two compo-
nents have very different glass transition temperatures
(Tg).1-8 At any given temperature, the relaxation of the
high-Tg component in the blend is faster compared to
its pure component value, while that of the low-Tg
component is slowed down on blending. While some
workers attribute this phenomenon to concentration
fluctuations7-10 and chain connectivity effects,7,8,11 oth-
ers have argued that thermorheological complexity only
reflects inherent differences in the local dynamics of the
constituents.12 Moreover, there are no data that clearly
delineate the molecular origins of dynamic heterogene-
ity. Since computer simulations probe the system at a
molecular level, simulations are an ideal tool to study
the effects of various system parameters on dynamic
heterogeneity as well as to gain insights into its molec-
ular origins.

Most miscible polymer blends exhibit dynamic het-
erogeneity at temperatures close to the blend Tg, where
segmental relaxation times are ∼10-6-100 s. Since the
longest molecular dynamic simulations can only probe
time scales on the order of microseconds, we have
employed dynamic Monte Carlo simulations to probe
longer time scales. In this context we stress that the

mapping of Monte Carlo time into experimental times
remains an open question. Further, since Monte Carlo
simulations do not keep track of the momenta of the
particles, it follows that these simulations ignore any
hydrodynamic interactions. With these caveats, how-
ever, we note that previous Monte Carlo simulations of
the bond fluctuation model have properly captured the
crossover of chain dynamics from the Rouse model to
reptation with increasing chain length, giving us con-
siderable confidence in the results obtained. Experi-
mental results on several miscible polymer blends1-8

have established that dynamic heterogeneity results
when (a) the two blend components have weak interac-
tions and (b) there is sufficient disparity in the two
component glass transition temperatures, regardless of
the molecular details of the component polymers. These
findings suggest that a coarse grained model is sufficient
if the purpose is to establish the origins of dynamic
heterogeneity in miscible polymer blends.

In this paper, we use Monte Carlo simulations to
study the dynamics of a miscible bond fluctuation
polymer blend where the two components have a stiff-
ness disparity.13,14 This model has been used extensively
to study blend thermodynamics.15,16 First, we show that
this coarse-grained model can qualitatively capture all
of the experimentally observed features of dynamic
heterogeneity. Then system parameters are varied to
study the effects of concentration variations and differ-
ences in inherent mobilities of the constituents on the
dynamics of the two blend components.

II. Model and Simulation Details

In the bond fluctuation model,13 each monomer oc-
cupies eight adjacent sites on a simple cubic lattice.
Monomers are connected by bonds whose lengths, b,
vary in the range 2 e b e x10. To avoid bond crossing,
only six possible bond classes are allowed: [2,0,0], [2,1,0],
[2,1,1], [2,2,1], [3,0,0], [3,1,0], where all permutations
of positive or negative values of bond vectors are
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utilized. This leads to 108 possible bond vectors. Thus,
the model has some of the flexibility associated with an
off-lattice model while maintaining the advantages of
working on a lattice. Double occupancy of a lattice site
is prohibited, and energetics are introduced by a two-
level Hamiltonian which favors longer bonds at lower
temperatures.

Temperature is defined in reduced units: T* ≡ kBT/ε,
where kB is Boltzmann’s constant. Previous studies have
demonstrated that this model can qualitatively capture
the vitrification of polymers.17,18

Experiments on miscible blends1-8 suggest that dy-
namic heterogeneity is observed when the two blend
components have weak interactions and there is a
disparity in their inherent dynamics, reflected in dif-
ferences in their glass transition temperatures Tg or
Vogel temperatures, T0. The parameter ε directly de-
termines the mobility of a polymer and hence its Vogel
temperature, T0. In this study, we have set εA ) 1 and
εB ) 2, where A and B are the low-Tg and high-Tg
components in the blend, respectively. Since the ener-
getics of the system in our Monte Carlo simulations are
controlled by the parameter ε, chains of type B have
twice the energetic barrier to motion as chains of type
A. This indicates that the Vogel temperature for a melt
of B chains should be twice that of a melt of A chains,
and our data on pure melts of A and B chains cor-
roborate this fact.14 There are no other interactions in
the system.

Thus, our system satisfies all the conditions that are
common for miscible blends exhibiting dynamic hetero-
geneity, namely, weak interactions between the two
blend components and a substantial difference in the
Vogel temperatures of the two blend components. We
have considered two different chain length blends in our
study. The majority of our calculations were for blends
of ten-mers (chains with N ) 10 monomers), and a few
were for blends of dimers (N ) 2). For all N ) 10 chain
simulations, we employ a 603 cubic lattice with periodic
boundary conditions. Since the Hamiltonian (eq 1)
favors bonds in the [3,0,0] bond class at lower temper-
atures, a chain of length N ) 10 will effectively “block”
116 lattice sites. Eighty of these sites are occupied by
the monomers, and an additional 36 account for lattice
sites blocked by the presence of the [3,0,0] bonds. Thus,
the system gets spatially frustrated at monomer densi-
ties greater than F ) 0.7. For all higher densities, it is
not possible for all bonds to simultaneously reach their
ground state. With this criterion in mind, we simulated
a monomer density of F ) 0.8 (2160 chains). For the
dimer simulations (N ) 2) the system gets spatially
frustrated at monomer densities greater than F ) 0.8,
and hence we studied a monomer density of F ) 0.9 to
impose a similar degree of spatial frustration as the N
) 10 system. The dimer systems used 3600 dimers on
a 403 lattice.

Starting configurations were obtained by filling the
simulation box with chains having all bonds in the
[2,0,0] bond class. Chains were then randomly removed
until the desired monomer density was reached. Next,
chains were randomly tagged as type B until the desired
composition was achieved. The system was then equili-
brated at infinite temperature. For the N ) 10 system,

we have simulated blends having φB ) 0.25, φB ) 0.5,
and φB ) 0.75, while for the N ) 2 system, we have only
studied a φB ) 0.5 mixture, where φB is the volume
fraction of the high-Tg B chains in the system. Starting
configurations for lower temperatures were equilibrated
configurations obtained at the next highest tempera-
ture.

The system was simulated using the standard Me-
tropolis Monte Carlo technique. Two types of moves
were employed during equilibration: reptation and
single monomer flips. In a reptation move19 a monomer
is transferred from one end of the chain to the other. A
single monomer move corresponds to moving a ran-
domly chosen monomer by one lattice site in one of the
six lattice directions. An important consideration for our
studies is equilibrium. As the temperature is decreased,
single monomer moves involve moving a bond from its
ground state to a higher energy state, which is a low
probability event. In addition, the new site needs to be
empty. In conjunction, these factors make it difficult to
equilibrate the system using single monomer moves.
The reptation algorithm, on the other hand, only
involves removing a bond from one end of the chain and
regrowing it at the other end. If the regrown bond is in
the ground state, then the only constraint for motion is
the availability of free lattice sites. Therefore, the
system was equilibrated using the reptation algorithm
while dynamics were studied using purely single mono-
mer moves, as suggested by Binder.19 Time in the
dynamics simulations is defined in Monte Carlo steps
(MCS). Each Monte Carlo time step corresponds to an
average of one attempted move per monomer. To check
for equilibrium, we have monitored three quantities: (a)
The autocorrelation function of the end-to-end vector,
C(Rend), defined as C(Rend) ) 〈R(t)‚R(0)〉/〈R(0)2〉, where
R(t) and R(0) are the end-to-end vectors at times t and
0, respectively. C(Rend) goes to zero in the long time
limit. (b) The mean-square displacement of the center
of mass, which becomes diffusive at long times. (c) The
self-intermediate structure factor, which goes to zero in
the long time limit. The system is considered to be
equilibrated only if all three criteria are simultaneously
satisfied for both components. Figure 1 shows a plot of
the correlation function of the end-to-end vector, C(Rend),
for both components in a φB ) 0.75 blend at a temper-
ature T* ) 0.55. It is clear that the C(Rend) values for
both components have reached a value of zero by the

H ) {0 if b ∈ [3,0,0]

ε otherwise
(1)

Figure 1. Time dependence of the autocorrelation function
for the end-to-end vector for both components in a φB ) 0.75
blend at a temperature T* ) 0.55. C(Rend) is the end-to-end
vector autocorrelation function, and t* represents time in units
of 106 Monte Carlo steps.
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end of the run. However, the stiffer chains take ∼4 times
longer to reach a C(Rend) ) 0 than the flexible chains, a
fact that is also reflected in its smaller diffusion coef-
ficient as we shall discuss below.

After equilibration, we first quantify the spontaneous
(thermally driven) concentration fluctuations in our
blends, which are expected by some models to be
critically important in determining blend dynamics.9,10,20

Thermodynamics relate the mean-square concentration
fluctuation to the zero wavevector limit of the scattering
function (〈(∆φ)2〉 ∼ S(0)).21 The random phase ap-
proximation21,22 leads to

where NA and NB are the numbers of monomers in the
low-Tg and high-Tg component polymers and ø is the
Flory interaction parameter describing the net energetic
interaction between dissimilar component monomers.
For a φA ) φB ) 0.5 blend with ø ) 0 and NA ) NB ) 2,
the random phase approximation yields S(0) ) 0.5,
while for NA ) NB ) 10, S(0) ) 2.5. Since the theory9,10,20

predicts that suppressing concentration fluctuations
diminishes dynamic heterogeneities in the blend, we
expect that the N ) 2 blend will be less heterogeneous
than the longer chain blend. To test this hypothesis, we
have simulated a blend of dimers (N ) 2) with φB ) 0.5
having the same stiffness disparity as the N ) 10 blend.

To quantify concentration variations, we have calcu-
lated two quantities. First, we divide the system into
subvolumes of size 103 and measure the concentration
of A and B monomers in each subvolume. We can thus
generate a concentration distribution which is a direct
measure of concentration fluctuations in the system.
Figure 2 shows that the distribution of concentrations
is much sharper for the dimer blend. We also calculate

where gxy(r) is the intermolecular pair distribution
function for monomers of type x and y. ∆g(r) would
identically equal 0 for all r in systems where both
components are uniformly mixed, and hence any devia-
tions from 0 are a measure of nonuniform packing
(“concentration fluctuations”). The lower the value of

∆g(r), the smaller the concentration fluctuations at the
length scale r. The inset in Figure 2 compares ∆g(r) for
N ) 10 blends and N ) 2 blends at φB ) 0.5 and T* )
0.5. Note that for this calculation we have intentionally
excluded the intramolecular contributions to the radial
distribution functions for AA and BB to eliminate
connectivity effects. From the inset, we see that con-
centration fluctuations are suppressed in the dimer
blend, as expected by thermodynamics (eq 2).

III. Dynamics

To study dynamics, we simulate motion in blends at
various temperatures using purely single monomer
moves. The time dependence of the mean-square dis-
placement of the center of mass of the chains for each
component in a φB ) 0.5 blend of N ) 10 chains at T*
) 0.45 is shown in Figure 3. The “mean blend” data
correspond to an average over all chains in the system
without distinguishing between the two components.
The flexible component (ε ) 1) moves faster than the
mean, while the stiff component (ε ) 2) moves slower
than the mean. At long times, the mean-square dis-
placement of the center of mass is proportional to time,
allowing for the calculation of the diffusion coefficient:
D ) limtf∞ 〈r2〉/6t. Parts a and b of Figure 4 show plots
of the temperature dependence of diffusion coefficients
for each component in the blend, as well as the pure
component melts, for the N ) 2 and N ) 10 systems,
respectively. The dynamics of both components in the
N ) 2 blend are virtually identical, whereas those in
the N ) 10 blend are noticeably different. Thus, sup-
pressing concentration fluctuations leads to a decrease
in dynamic heterogeneity, as predicted by the theory.9,10,20

However, it is important to point out that models for
blend dynamics that rely on chain connectivity effects
and explicitly ignore concentration fluctuations also
expect a qualitatively similar trend.7,8,11

In the limit T* f ∞, all diffusion coefficients are
identical since stiffness, which is the only parameter
that distinguishes the two components, is irrelevant. At
lower temperatures, the two components in the N ) 10
blend have different temperature dependences of their
diffusion coefficients. The stiffer component is faster in
the blend while the flexible component is slowed down
relative to its single component melt value, in agree-

Figure 2. Probability P(φA) of finding a 103 subvolume with
composition φA for a φB ) 0.5 blend of N ) 10 chains (solid
curve) as well as N ) 2 dimers (dashed curve) at T* ) 0.5.
The inset shows a plot of the intermolecular ∆g(r) defined by
eq 3 for the N ) 10 blend and the N ) 2 dimers with φB ) 0.5
at T* ) 0.5.

1
S(0)

) 1
φANA

+ 1
φBNB

- 2ø (2)

∆g(r) ) gAA(r) + gBB(r) - 2gAB(r) (3)

Figure 3. Mean-square center of mass displacement, 〈r2〉, as
a function of time, t, in Monte Carlo steps (MCS) for each
component in a φB ) 0.5 blend of N ) 10 chains at a
temperature T* ) 0.45. The mean blend data (filled triangles)
correspond to 〈r2〉 for all monomers in the blend if we do not
distinguish between the two blend components. The dashed
line has a slope of unity.
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ment with experimental findings. Note that, unlike the
experimental data on miscible blends, where the dif-
ference in the relaxation times of the two components
can be an order of magnitude, the difference in the D
values of the two components in our system is smaller
than a factor of 2. Presumably, this is a direct conse-
quence of the short chains used in our simulations.
However, our simulations can qualitatively reproduce
the dynamic heterogeneity observed experimentally in
miscible polymer blends, and it is clear that the two
components should have different extrapolated Vogel
temperatures, T0.

To quantify this statement, we have fit the diffusion
coefficients of both components to a Vogel equation

Figure 4b shows representative fits for the φB ) 0.5
blend of N ) 10 chains. We find that T0

A ) 0.285 and T0
B

) 0.295, quantifying the dynamic heterogeneity in this
blend. The corresponding values for single component
A and B melts are T0

A ) 0.22 and T0
B ) 0.44, respec-

tively. The Vogel temperature for the blend, T0
Fox, is

0.293 as predicted by the Fox equation, 1/T0
Fox ) φA/T0

A

+ φB/T0
B. Hence, we see that the stiff blend component

has a Vogel temperature slightly larger than what is
expected by the Fox equation, while the flexible blend
component has a Vogel temperature that is smaller than
the Fox equation prediction.

To study the effect of composition on component
dynamics in the blend, we have carried out similar
studies on blends containing φB ) 0.0046, φB ) 0.25, φB
) 0.75, and φB ) 0.9954. Parts a and b of Figure 5 show
plots of the diffusion coefficients of the flexible and stiff
components in the blend, respectively, for φB ) 0.25, 0.5,
and 0.75. The corresponding values for each single
component melt are shown for reference. From Figure
5, we see that the dynamics of the flexible component
get progressively slower as the fraction of stiff compo-
nent is increased, while the dynamics of the stiff

component get progressively closer to those of a pure
melt of stiff chains. We have also calculated the Vogel
temperature T0 for both blend components for all
compositions by fitting to eq 4. Figure 6 shows a plot of
the Vogel temperatures in the blends as a function of
the composition of the stiff component, φB. The line
represents the Fox equation prediction for the blend.
The differences in T0 of the components in our simulated
blend are quite similar to experimental results based
on the temperature dependence of the average segmen-
tal relaxation time for φB ) 0.25, 0.5, and 0.75 PI/PVE
blends.23 For these compositions, the high-Tg (stiff)
component has T0 slightly above the Fox equation
prediction, while the low-Tg (flexible) component has a
lower T0. The exception (at φB ) 0.0046) will be
discussed in the next section. In particular, the experi-
mental result23 that the largest differences in compo-
nent Vogel temperatures are seen for blends rich in the
low-Tg component is also seen in our simulations.

Figure 4. Diffusion coefficients of the pure components (open
symbols) and each component in a φB ) 0.5 blend (filled
symbols). (a) N ) 2, (b) N ) 10.

D ∝ exp( -BT0

T - T0
) (4)

Figure 5. Diffusion coefficients for (a) the flexible component
and (b) the stiff component in various blends of N ) 10 chains
as a function of temperature. The diffusion coefficients for the
corresponding pure melts are also shown as open symbols for
reference.

Figure 6. Vogel temperature, T0, evaluated from the tem-
perature dependence of diffusion coefficients for both blend
components as a function of the volume fraction of the stiff
component, φB. The solid line represents the Fox prediction
for the Vogel temperature for the blend.
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The ten-mer chains we have studied are sufficiently
short that they can be completely in regions of fast or
slow dynamics (see Figure 2). In this sense, then, the
dynamics of these short chains directly reflect segmental
dynamics. It is very important to point out that real
(much longer) polymer chains will sample a broad range
of environments and will always have some of their
monomers in the slowest possible environments. Hence,
in this limit the chains can have very different temper-
ature dependences for average segmental dynamics and
terminal dynamics. For long polymers, terminal dynam-
ics (reflected in the diffusion coefficient) appears to be
governed by the slowest segmental dynamics of the
monomers on that chain. This can make the Vogel
temperature of the high-Tg component much larger than
that predicted by the Fox equation, as seen by Kim et
al.24 in a 50/50 blend of polystyrene and tetramethyl-
polycarbonate, for example.

The asymmetry observed in Figure 6 is exactly what
is predicted by recent models for the average segmental
dynamics of miscible polymer blends. A combination of
two effects create this asymmetry: concentration fluc-
tuations9,10,20,25 and chain connectivity.11,25 Concentra-
tion fluctuations are sufficiently strong in weakly
interacting polymer blends that local compositions vary
over the entire possible range of compositions (0 < φB
< 1). However, two compositions dominate segmental
dynamics. One is the most probable local composition,
which is the mean composition of the blend augmented
by chain connectivity effects, see below. The other
important composition is the one corresponding to the
fastest possible environment: local regions of nearly
pure low-Tg component. While the mean blend composi-
tion is a likely composition for the regions surrounding
either low-Tg or high-Tg monomers, the local regions of
nearly pure low-Tg component can only surround mono-
mers of the low-Tg component. Hence, it is the low-Tg
component that diffuses faster than what is expected
by the Fox equation, while the high-Tg component
roughly obeys the Fox equation prediction. In blends
with very different component glass transitions, this
asymmetry even makes the segmental relaxation time
distribution of the low-Tg component bimodal.10,20 This
has been observed in dielectric measurements on blends
of poly(vinyl methyl ether) (PVME) and polystyrene.26

PVME has a bimodal distribution of segmental relax-
ation times, with one peak corresponding to the mean
blend composition and the other corresponding to
regions of nearly pure PVME (the low-Tg component).

However, as Figure 2 clearly shows, concentration
fluctuations are suppressed as the chain length of the
blend components is shortened. For this reason, while
the concentration fluctuations of our ten-mer chains are
larger than for dimers, they are not nearly as large as
those in real polymer blends. The effect of chain con-
nectivity plays an important role in the asymmetry seen
in Figure 6. The connected nature of polymer chains
makes the average local composition surrounding an A
monomer richer in component A than the average local
composition surrounding a B monomer.7,8,11,25 Just as
in real polymer blends, the relative magnitudes of the
effects of concentration fluctuations and chain con-
nectivity are difficult to assess because we do not know
a priori what size scale is relevant for cooperative
motion.

IV. Dilute Blends

Recent arguments12 have suggested that component
dynamics in a polymer blend are controlled by the
intrinsic mobility of each chain and that concentration
fluctuations play no role. To test this hypothesis, we
have simulated dilute blends with 10 probe chains of
type A (or B) in a matrix of 2150 chains of type B (or
A). The system size was 603, and all chains have a
degree of polymerization N ) 10. Thus, we are simulat-
ing a dilute solution of stiff (or flexible) probe chains in
a matrix of flexible (or stiff) chains. If intrinsic mobility
of chains alone control their dynamics in the blend, the
dynamics of the dilute probe chains should be identical
to the dynamics of a pure melt of those chains and
independent of the matrix mobility.

Figure 7a (b) show the diffusion coefficient of a single
flexible (or stiff) chain in a matrix of stiff (or flexible)
chains as a function of temperature. The corresponding
values for the two pure melts are also shown for
comparison. Both systems indicate that the dynamics
of the probe chains are affected significantly by the
matrix. For a flexible probe chain in a stiff matrix
(Figure 7a), the probe chain dynamics are identical to
those of the matrix at all temperatures. For a single stiff
probe chain in a flexible matrix (Figure 7b), the dynam-
ics of the probe chain are slightly slower than those of
the matrix chains, particularly at lower temperatures.
These results indicate that the dynamics in the system
are controlled by the slowest chains. For a single flexible
chain in a stiff matrix, the relaxation of the matrix is
the rate-determining step. While the flexible chain has
a higher intrinsic mobility, it cannot move until the
surrounding matrix chains move. The behavior in this
limit would thus approach thermorheological simplicity.
These observations are in excellent agreement with the
diffusion measurements of Kim et al.24 They have
reported that polystyrene (PS, their flexible component)
has the same diffusion coefficient as tetramethylpoly-
carbonate (TMPC, their stiff component) in a TMPC
matrix.

Figure 7. Temperature dependence of diffusion coefficients
for (a) a single flexible chain in a matrix of stiff chains and (b)
a single stiff chain in a matrix of flexible chains. The diffusion
coefficients for pure melts of flexible chains and pure melts of
stiff chains are shown as open symbols for comparison.
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In contrast, for a single stiff chain in a flexible matrix,
the matrix relaxes faster than the probe chain, and the
rate-determining step is the relaxation of the stiff chain
itself. Note, however, that the relaxation of the stiff
chain is considerably faster than that of a pure melt
consisting of stiff chains. Thus, while the stiff chain
relaxes slower than the matrix, its dynamics are speeded
up by the more mobile matrix. Our findings are similar
to literature data, as Kim et al.24 report that TMPC
diffuses a factor of 2 slower than PS in a PS matrix 45
K above the glass transition. Blends in this limit are
dynamically heterogeneous, in that each component has
a very different Vogel temperature (see Figure 6). This
strong difference in mobilities for the single stiff chain
and the flexible matrix chains is in qualitative agree-
ment with all blend dynamics models that rely on
concentration variations that are limited by chain
connectivity.7,8,10,11,20 The connected nature of polymers
does not allow the effective concentration surrounding
a stiff monomer to be arbitrarily small. For this reason,
the stiff chain monomers must see a very different local
environment than the typical flexible chain monomer
sees. This creates a large difference in Vogel tempera-
tures of the two components in blends that are rich in
the flexible polymer. The apparent minimum in T0 in
Figure 6 is likely not real. We suspect it is a result of
the larger uncertainties in the dilute chain dynamics,
which naturally arise from poorer statistics on the dilute
chains. The poorer statistics, coupled with the smaller
temperature range covered, lead to increased uncertain-
ties for the Vogel temperatures of the dilute components.

The situation is quite different for dilute flexible
chains in a matrix of stiff chains. While the flexible
chain monomers also see a very different local environ-
ment than their stiff matrix hosts, there are enough stiff
monomers in the local environment to not allow the
flexible monomers to move on their own time scale. This
asymmetry proves that the dynamics of a polymer in a
blend are not controlled predominantly by the intrinsic
mobility of that chain but are strongly sensitive to its
surroundings.

Our observations for dilute low-Tg chains in a matrix
of high-Tg chains should be contrasted with the experi-
ments of Ediger, Jones, and co-workers27 on dilute poly-
(ethylene oxide) (PEO) in a matrix of poly(methyl
methacrylate) (PMMA). These experiments show PEO
relaxing 12 orders of magnitude faster than PMMA, a
result that is qualitatively expected by the concentration
fluctuation models.9,10,20 Blends of long polymers with
weak interactions are predicted to have large fluctua-
tions in local composition that span the entire possible
range (from pure PEO to pure PMMA). In the proper
temperature range, NMR can detect the motion in
regions of pure PEO, and the low Tg of these regions
makes segmental dynamics very fast. There are ex-
pected to be other regions having the mean blend
composition, where PEO segmental dynamics are con-
siderably slower. These dynamics would only be NMR
observable at much higher temperatures, owing to the
limited dynamic range of NMR.

V. Conclusions

To gain insights into the phenomenon of dynamic
heterogeneity in miscible polymer blends, we have
simulated a generic polymer blend where the two
components have stiffness disparities and no specific
interactions. The dynamics of each component in the

blend demonstrate that our simulations can capture the
essential experimental observations on miscible polymer
blends. The two blend components have different tem-
perature dependences to their diffusion coefficients and
hence their relaxation times.

The different temperature dependences of diffusion
coefficients for the two blend components suggest that
they have different Vogel temperatures. The high-Tg
component’s Vogel temperature agrees well with the Fox
equation prediction, indicating that it primarily experi-
ences an environment similar to the mean blend com-
position. The low-Tg polymer has a lower Vogel tem-
perature than the Fox equation prediction. Polymer
blend dynamics models based on concentration fluctua-
tions expect this result as well because the low-Tg
monomers can experience environments with very fast
dynamics (i.e., environments rich in the low-Tg mono-
mer).

Simulations of dilute blends, consisting of probe
chains diffusing in a matrix of dissimilar chains, un-
equivocally show that the environment surrounding a
chain strongly influences its dynamics. This result
obviates the notion that intrinsic mobility of chains
might control their dynamics, independent of their local
environment. Theories for this local environment based
on concentration fluctuations and chain connectivity
effects are expected to lead to an improved understand-
ing of miscible polymer blend dynamics.
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