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ABSTRACT: While the structural dynamics of chromophores are of
interest for a range of applications, it is experimentally very challenging
to resolve the underlying microscopic mechanisms. At the same time,
glassy dynamics are also challenging for atomistic simulations due to
the underlying dramatic slowdown over many orders of magnitude.
Here, we address this issue by combining atomic scale simulations with
autocorrelation function analysis and Bayesian regression, and apply
this approach to a set of perylene derivatives as prototypical “_é|_ ____________________________
chromophores. The predicted glass transition temperatures and kinetic ass
fragilities are in semiquantitaFiYe agreement with experimental data. Inverse temperature (1/K)

We suggest that the remaining error could be caused by an

overestimation of the intermolecular cohesion by the force field used

in this work. By analyzing the underlying dynamics via the normal vector autocorrelation function, we are able to connect the  and
a-relaxation processes in these materials to caged (or librational) dynamics and cooperative rotations of the molecules, respectively.
The workflow presented in this work serves as a stepping stone toward understanding glassy dynamics in many-component mixtures
of perylene derivatives and is readily extendable to other systems of chromophores.
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Bl INTRODUCTION weak (“fragile”) glass formers in single-component systems.'”
Moreover, it has been found that such many-component

Chromophores are an important class of materials with a range
mixtures have further benefits, including significantly improved

of potential and realized applications in the area of energy

conversion thanks to their exceptional optical properties. thermal stability.”” While many-components mixtures thus
Chromophores have been studied, e.g., as active materials in have very high potential for materials design, the much larger
solar cells,'™® organic light-emitting diodes,”” and é)hoto— design space also renders understanding the underlying
switchable and solar thermal storage systems.g_l The dynamical processes much more challenging. Here, as a first
properties of these materials are sensitive to both the structural step toward a systematic understanding of these materials, we
arrangements of the molecules and their dynamic behavior. investigate glass formation in single-component liquids of
The dynamics as manifested in macroscopic properties such as perylene derivatives (Figure la) using molecular dynamics
viscosity and diffusivity, are also important for solution (MD) simulations in combination with Bayesian regression.

processing, which is currently the most common approach While the microscopic dynamics of glass-forming systems
for large-scale manufacturing of devices based on these can be explored via MD simulations,'”'® it is usually
materials. Controlling viscosity and difquiVity is often achieved challenging to direct]y access the temperature range in which
through glass formation,'' which can occur upon rapid cooling, the glass transition occurs due the time-scale limitations of this
bypassing crystallization and resulting in a glassy state that technique, although there are cases in which it is possible.lé
lacks long-range order. The glass transition is characterized by Here, to extend the temperature range, we combine MD
a dramatic slow down in the materials dynamics over a narrow simulations with Bayesian regression, which allows us to

temperature range that is commonly probed via the temper-
ature dependence of, e.g., the viscosity (via rheometry), the
density (via dilatometry) or the heat exchanged with the
environment (via calorimetry).

For practical use, it is crucial to achieve glass formation
controllably at modest cooling rates. In this context, using
mixtures of perylene derivatives, it has been shown that
increasingly stronger glass formers can be systematically
obtained by increasing the number of components. This
principle works even though the underlying molecules are

predict glass transition temperatures as well as the propensity
for glass formation (expressed via the kinetic fragility). To this
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a) b) J(©) consider the molecular diffusivity D, which can be obtained
from the MSD (Ar?) of the molecular centroid positions'”

I H

I Ay CaHs (A?) = 6Dz )
Il /W C4Ho

v b b3 . The diffusivity was computed using production runs with a

duration of up to 10 ns.
To obtain more detailed insight into the underlying
microscopic properties, we also analyzed the ACF of the

v Adyiylybydy crznas

Figure 1. (a) Perylene derivatives studied in this work. (b) Schematic normal vectors indicating the orientation of each individual
representation of the normal vector autocorrelation function (), see molecule (Figure 1b) given by
eq 2.

J(z) = <ﬁi(t)'ﬁi(t + T))z‘t (2)

Here, n,(t) is the normal vector of molecule i (Section S1).
The ensemble average applies over all times ¢ and each
molecule i in the system. Equation 2 can be efficiently

end, we observe the temperature dependence of the dynamics
via the diffusivity, which is anticorrelated with the viscosity but
computationally easier to converge than the latter. Our results

for the glass transition temperatures and the kinetic fragility are evaluated using the Wiener—Kinchin theorem.

in semiquantitative agreement with experimental data, One may also extract the standard error as an uncertainty
supporting the viability of the simulation approach. To gain estimate for J(7) from the ACF for each molecule J,(7) before

insight into the microscopic processes we analyze the time- computing the ensemble average in eq 2 according to
autocorrelation function (ACF) of the molecular orientation,

which reveals three distinct dynamic regimes corresponding to o (7) = /Var({ NN (3)
intramolecular motion as well as # and a-relaxation processes. l_
Our work thereby establishes the v1ab1hty Of thlS simulation Where N is the number Of molecules in the System.
approach and lays the groundwork for future studies of the Since the ACFs spans multiple orders of magnitude in time,
evolution of the dynamics in many-component mixtures. production runs of different length were conducted. To sample
short and long-time scales, simulations with a length of
B METHODS respectively 100 ps and 10 ns were carried out with snapshots
We considered five perylene derivatives (Figure la), which being written every 1 and 100 fs, respectively (Section S1).
differ with respect to the length n of the pendant alkyl chain The normal vector ACFs were calculated for both production
C,H,,,, attached to one of the bay positions. Monomer I runs and subsequently spliced together at a time lag of 1 ps.
corresponds to regular perylene with no alkyl chain, whereas Computational Details. MD simulations were performed
monomers II—V have alkyl chains containing two (n = 2), four using the GroMACs package'® (version 2021.3) with the OPLS
(n = 4), six (n = 6), and 12 (n = 12) carbon atoms, all-atom force field."”” Topology and structure files where
respectively. generated using the LigParGen server,”’™>” starting from
Diffusivity and Autocorrelation Functions. To charac- structures from the automated topology builder and
terize the dynamics of the perylene derivatives, we first repository.”>~>° The per-atom charges obtained from the
Temperature (K) [ Diffusivity 221 ACF A Experiment
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Figure 2. (a) Extrapolation of the temperature dependence of the Vogel—Fulcher—Tammann (VFT) fit of the diffusivity to lower temperatures
(see Section S2 in the Supporting Information for the MD data). The glass transition temperature T, is defined as the temperature where the mean
squared displacement (MSD) over 100 s reaches 100 A, denoted by the horizontal gray dashed line. The error band corresponds to one standard
deviation. (b, c) Violin plots of (b) the glass transition temperature T, and (c) the kinetic fragility m estimated from both the diffusivity and the
normal vector ACF. Experimental values are from ref 12. T, values were experimentally obtained from differential scanning calorimetry (DSC) first
heating thermograms with a heating rate of 0.17 K-s™". The kinetic fragility was obtained from fast scanning calorimetry (FSC) measurements for
various cooling rates as m = —d loglgl/ d(Tg/ T )y o1 Y where g is the cooling rate and T¢ is the fictive FSC temperature. The simulated values for

the kinetic fragility were computed from the VFT parameters as m = BT,/ [ln(lO)-(Tg — Typ)?)]. Note that T, is typically not observed
experimentally for derivative I, due to its strong tendency to crystallize.
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LigParGen server where slightly modified in order to obtain
neutral molecules. A time step of 1 fs was used for all
simulations, in combination with constraining the hydrogen
atoms using the linear constraint solver algorithm.”® The
simulation cell contained between 500 and 2000 molecules
depending on the length of the alkyl chain of the perylene
derivative, and simulations were performed at temperatures in
the range 400—800 K.

Each system was equilibrated at the target temperature prior
to production using the following protocol. First, the system
energy was minimized using a steepest descent optimizer, after
which a simulation of 1 ns was performed in the NVT
ensemble. This was followed by a 1 ns run in the NPT
ensemble at a pressure of 2 kbar using a Berendsen barostat”’
to avoid cavitation. The high-pressure NPT simulation was
followed by a 10 ns NPT simulation at 1 bar. Finally,
production runs were carried out in the NPT ensemble using
the stochastic pressure-rescaling barostat and a stochastic
velocity-rescaling thermostat”® to obtain the diffusivity as well
as the short and long-time normal vector ACF (Section S1).
The production runs were 100 ps and 10 ns long, and
trajectory files were written every 1 and 100 fs, respectively.

The trajectories resulting from the simulations were then
parsed using the MDTRAJ package™ and analyzed using pyTHON
scripts to compute the correlation function defined by eq 2.
Bayesian regression analysis was performed using the Numpy,*
panDas,”** sciy’® and EMcee®* packages. Plots were generated
using MATPLOTLIB,>> SEABORN,”® CORNER,>” and color maps from
PERFECT-CMAPS.”®  Finally, structures were visualized and
rendered for publication using Oviro.”

B RESULTS

Glass Transition and Kinetic Fragility. We begin by
analyzing the temperature dependence of the molecular
diffusivity (Figure 2a; also see Section S2). When obtaining
these data from MD simulations we are limited by the time
scale that is reachable via the latter. While one can reach on the
order of 1 s in total simulation length, the diffusivity rapidly
decreases as the temperature is lowered. At lower temper-
atures, diffusion events become so infrequent that molecules
appear immobilized on the MD time scale. Assuming a nearest
neighbor distance of 3 A and a simulation length of 10 ns, this
implies that the diffusivity can no longer be reliably estimated if
its value drops below approximately 9 A%/10 ns ~ 107" m*s™".
For the present system, this is the case for temperatures below
approximately 400 K (see Section S2 of the Supporting
Information for an extended analysis). This is below the
experimental melting point of pure perylene of around 550 K
but above the experimental glass transition temperatures,
which range around 250 K."

In order to be able to gain information about the behavior at
these temperatures, we need to extrapolate. However, since the
diffusivity and other properties change rapidly over many
orders of magnitude in this region, this extrapolation must be
done with care and account for error propagation. To this end,
we employ the VFT equation and combine it with Bayesian
regression. The former describes the temperature dependence
of, e.g., the viscosity or the diffusivity of fragile glass formers,
allowing for non-Arrhenius behavior. While the VFT equation
is empirical in nature, it is widely used in the analysis of glass-
forming systems and provides an accurate fit for many
experimental observations as well as the data obtained here
(Figure 2a). For the diffusivity it reads

6615

D(T) = Doexp[—B/(T — Typ)] (4)
where D, is a prefactor, Ty is the Vogel—Fulcher temperature,
and B is a parameter akin to a pseudoactivation energy.*’ The
parameters of the VFT equation can in turn be used to
compute the kinetic fragility m = BT,/ [In(10) x (Tg -
Tye)?)], where T, is the estimated glass transition temper-
ature.*"*

Due to the exponential in eq 4 extrapolation and error
propagation require care, which we handle here via Bayesian
regression. The latter is a technique in which a model M(6)
with parameters represented by a parameter vector § = [D,,
Tyg, B] is fitted to a set of data D given prior information 7,
using Bayes’ theorem

p(OID, I)  p(DI0, T)p(611) (s)
The advantage of a Bayesian approach is 2-fold. First, prior
beliefs are clearly stated in the prior distribution p(6l7).
Second, error estimates are readily extractable from the
posterior distribution p(@1D, I), since data uncertainties and
errors can be encoded in the likelihood function p(DIA, I).
We then sample the posterior distribution p(0lD, I) via
Markov-chain Monte Carlo (MCMC) simulations using the
diffusivity data from MD simulations to fit the VFT equation
(see Section S3 for details). This allows us to extrapolate the
diffusivity to lower temperatures along with controlled error
estimates (Figure 2a).

The temperature at which the system transitions into a
glassy state is denoted by the glass transition temperature T,.
T, cannot be uniquely defined but is rather set by a pragmatic
property-dependent threshold. For example, one often takes T
as the temperature where the viscosity reaches a value of 101%
Pas.*” In the present work, when considering the diffusivity,
we adopt a threshold of 17 X 107>* m?/s, which corresponds to
a MSD of 100 A® over 100 s. In other words, it specifies the
onset of diffusion beyond the first-nearest neighbor shell. We
emphasize that since the viscosity and similarly the diffusivity
change very steeply around the glass transition (Figure 2a) the
threshold value has only a modest effect on the values obtained
for T,. For example, increasing or decreasing the threshold by
2 orders of magnitude changes our estimates for T, by only +5
K.

The glass transition temperatures obtained here are in
semiquantitative agreement with experiments, and correctly
predict the trend from II to V'* (Figure 2b). However, the
simulated T, values are overestimated compared to exper-
imental values obtained by differential scanning calorimetry
(DSC) by S0—70 K. The predicted kinetic fragilities are also in
agreement with experimentally obtained values from fast
scanning calorimetry (FSC) (Figure 2c).

The glass transition temperature decreases systematically
with increasing alkyl chain length. Conceptually, this can be
explained by an increase in the effective volume available to
each molecule caged by its neighbors, due to the longer
pendant groups. It is, however, noteworthy that the kinetic
fragility exhibits a maximum for III, which features a butyl
pendant chain—a nontrivial behavior that is observed in both
experiment and simulation.

Revealing the Relaxation Processes. We now turn to
the normal vector ACF J(7) (eq 2) to gain further insight into
the relaxation processes close to the glass transition (Figure
3a). We demonstrate the procedure for obtaining the
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J. Phys. Chem. B 2025, 129, 6613—-6619


https://pubs.acs.org/doi/suppl/10.1021/acs.jpcb.5c00837/suppl_file/jp5c00837_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.jpcb.5c00837/suppl_file/jp5c00837_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.jpcb.5c00837/suppl_file/jp5c00837_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.jpcb.5c00837/suppl_file/jp5c00837_si_001.pdf
pubs.acs.org/JPCB?ref=pdf
https://doi.org/10.1021/acs.jpcb.5c00837?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

The Journal of Physical Chemistry B

pubs.acs.org/JPCB

a) Raw data b)  Time dependence
Temperature (K) J(1) = Are=t/™ 4 Age=t/™ .
400 600 800 (1= Ay — Ay)e=W/m)’
= 1.00 | 1.0 F==og T
S \ S, 450K
[y
S 095 09 | \\ .
T - A
8 7 T 7 N
5 05 | S o5 Posterior\
8 --- Data \
2 00 0.0 ' L
< 10-1 102 10°1 102

Time lag 7 (ps) Time lag 7 (ps)

c) Error correlation d) Temperature dependence
N 73(T) = 7o exp [B/ (T — Tyr)]
FT T J:
: N . 104 L Posterior /_é
100 |- . -§- Dsjga5 0 Vs
_ (o}
€ mle - g 10° jx500/
1 | | [ r
1390 B | T i 1 1 1 I [S) 102 g_ ‘,’II _E
& = - 9 ]
1380 E 10? EI»’ e
| 1 | 1 | 1 | 3
1 2 70 9013801390 0.4 0.6
1 T2 T3 Inverse temperature
(1/300 K)

Figure 3. Bayesian regression workflow used to extrapolate the normal vector ACF to longer time scales. (a) Normal vector ACFs for perylene
derivative I at different temperatures. Note that the y-axis has been split using different scales to reveal the multiple steps in the ACF. (b) Normal
vector ACF for perylene derivative I at 45 K along with the corresponding posterior distribution of fits to eq 6. (c) Subset of the posterior
distribution in (b), p(z,, 7, oD, T ), shown as a corner plot. (d) Fit to the VFT expression eq 7 using the mean 4, and standard deviation & of the

marginal distribution p(z;)D, I).

temperature dependence of J(z) for derivative I, noting that
the general temperature dependence of J(7) is consistent for all
perylene derivatives I-V (see Supporting Information Section
S4 for the ACFs for all perylene derivatives).

First, we observe that the correlation time of J(z) depends
strongly on temperature, ranging from 100 ps at 800 K to >10
ns at 400 K. At 800 K the perylene molecules thus maintain
their orientation over a time scale on the order of 100 ps, while
they are effectively locked in their orientation over 10 ns at 400
K.

Second, the ACFs can be described by the sum of two
exponential functions and one stretched exponential function,
where the latter is a common feature of correlation functions in
glassy systems*

J(0) = AT 4 A+ (1 — A — AT ()

The time scales 7, 7,, and 75 are separated by several orders of
magnitude at low temperatures, with 7, & 0.1 ps, 7, & 10 ps,
and 73 & 1 ns at 450 K. # < 1 is the stretch exponent for the
long time scale component.

We can apply the same Bayesian regression workflow as for
the diffusivity to estimate the glass transition temperature and
kinetic fragility from the temperature dependence of the
normal vector ACF. However, an additional step is required
compared to the diffusivity, as the normal vector ACF needs to
be fitted to eq 6 for each temperature (Figure 3b). Each fit
yields a full posterior probability distribution
p(AL Ay, 1, Ty, 73, PIT, D, I). An estimate for the time
scale of the slowest process captured by the ACF presented by
73 with uncertainty estimates can then be obtained from the
marginal distribution p(7y|T, D, I) for each temperature
(Figure 3c). A VFT equation of the form

73(T) = 7oexp[B/(T — Tyyp)] ()

is then fitted to the temperature dependence of 7; which
allows for a similar extrapolation to longer time scales as in the
case of the diffusivity (Figure 4). Here, the threshold for 7,
above which the system is deemed to be in a glassy state was
again taken to be 100 s.*” Note that the resulting glass
transition temperature is relatively insensitive to this particular
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Figure 4. Extrapolation of the temperature dependence of the slowest
process represented by 7;(T), to lower temperatures and thus lower
frequencies. The error band corresponds to + one standard deviation.
T, is defined to be the temperature which the time scale reaches 100 s,
represented by the horizontal gray dashed line.

threshold, as increasing or decreasing the threshold by 2 orders
of magnitude only changes T, by £7 K.

The estimates for both the glass transition temperature and
the kinetic fragility from the normal-vector ACF and the
diffusivity generally agree with each other (Figure 2b,c). Both
schemes capture the trend of decreasing T, with increasing
length of the alkyl chain of the perylene derivative. However,
the estimates from the diffusivity are higher than those from
the normal-vector ACF typically by 10—30 K for the glass
transition temperature and by 10—40 for the kinetic fragility.
This difference is due to the two observables probing different
processes. The diffusivity is sensitive to the diffusion of the
monomers, while the normal vector ACF probes the rotational
motion of the monomer. The normal vector ACF and the
diffusivity are thus complementary. The difference in T,
between both observables suggests that the monomers
continue to rotate on long time scales 10—30 K below the
temperature at which diffusion has slowed down.

We can elucidate the relaxation processes in the system by
decomposing the ACF into the contribution of each
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exponential function that make up J(r) (Figure S). The
separation of time scales between the processes allows the
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_41(‘7/ 71 .
0.95 - ‘\\ 4
5 \
8 00 L (14 %gm\ 1
g // //
o
S
2 05 -
<<
-== )
00 Il | | |
1072 100 102 10

Time lag 7 (ps)

7o =~ 10 ps
[-relaxation

73 =~ 10ns
T3-relaxation

7 =~ 0.1ps
Intramolecular

Figure 5. Decomposition of the normal vector ACF J(z) into
individual exponential functions representing three different relaxation
processes. The fastest process with a correlation time of about 0.1 ps
at 450 K corresponds to intramolecular atomic motion. The second
one (f-relaxation) with a correlation time of approximately 10 ps at
450 K corresponds to librational motion and twisting of the perylene
core. Finally, the slowest process (7;-relaxation) with a correlation
time of approximately 10 ns at 450 K corresponds to the hindered
rotational reorientation of the perylene molecules due to intermo-
lecular interactions.

selective application of frequency filters in the Fourier domain,
corresponding to the time scales represented by 7, 7,, and 7.
These filters are applied to the trajectory of a single perylene
molecule extracted from the entire MD trajectory, and allows
us to single out the dynamics that correspond to each process
(see the supplementary movie for a visual representation of
this scheme, and Section S5 of the Supporting Information for
further details).

We study the dynamics of perylene derivative I at a
temperature of 450 K as an example of this scheme (Figure 5).
The fastest process with time scale 7; corresponds to
intramolecular atomic motion. The second fastest process, 7,,
corresponds to S-relaxation enforced by caging by neighboring
molecules, such as libration and twisting of the perylene core.
Neither the 7, nor the 7, processes significantly affect the
orientation of the molecule, as is evident by their small
amplitude. The bulk of the autocorrelation function J(z) is
made up of the slow 7; process. 7; corresponds to cooperative
intermolecular processes, such as reorientation of molecules.
The reorientation of a molecule requires neighboring
molecules to rotate, which takes place over rapidly increasing
time scales as the temperature is decreased. The experimental
and simulated values of the kinetic fragility indicate that all
derivatives studied in this work are fragile glass formers. In
fragile glass formers, the level of cooperation decreases
significantly at temperatures greater than Tg.44 That 75 captures
cooperative reorientation even in the supercooled regime at
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450 K thus indicates that it is sensitive to processes that are
more prominent close to the glass transition in fragile glass
formers. Based on this, we attribute 7; to be related to a-
relaxation, and that the microscopic mechanism driving glass
formation in perylene derivatives I-V is the cooperative
reorientation of the molecules.

B DISCUSSION

Given the sources of uncertainty related to the underlying
empirical force field used in the MD simulations and the
extrapolation over many orders of magnitude, we consider the
overall agreement of the predicted glass transition temper-
atures and kinetic fragilities with the experimental data very
encouraging. The normal vector ACF in particular show
semiquantiative agreement with experiments, with the ACF
systematically yielding both lower glass transition temperatures
and kinetic fragilities than the diffusivity (Figure 2b,c). This
difference highlights the complementarity of the diffusivity and
the normal vector ACF, as they are more sensitive to molecular
diffusion and rotation, respectively. The estimated higher value
of the glass transition temperature from the diffusivity can be
understood as molecular diffusion freezing in at a higher
temperature compared to rotation. The processes driving glass
formation are thus cooperative rotational processes, as
elucidated by the decomposition of the normal vector ACF.
This is supported by the large kinetic fragility deduced for all
derivatives (Figure S). Capturing both diffusion and rotation is
hence key in order to accurately describe the relaxation
processes in the fragile perylene derivatives studied in this
work.

Both the normal vector ACF and the diffusivity systemati-
cally overestimate the glass transition temperature and the
kinetic fragility compared to experiment. The overestimation
of the kinetic fragility suggests that the processes represented
by 73 in the MD simulation are slower than those encountered
during experiments. This could be caused by the intermo-
lecular interactions in the simulation being somewhat too soft,
which would point toward a limitation in the accuracy of the
underlying force field. Another possible explanation could be
that the normal vector ACF overestimates the time scale of
processes in the system. Third, the VFT equation is an
empirical model, and extrapolating to lower temperatures may
introduce a systematic error.”” In order to go beyond
empiricism, more explicit characterizations of the glass
dynamics, e.g. mode coupling theory, could be pursued.**”

As noted in the introduction, experimentally the glass
transition can also be detected as a change in the thermal
expansion of the material, an a;pproach that is also occasionally
adopted in simulations.'®**™>* Tt is therefore instructive to
contrast this approach with the one based on diffusivity and
time ACFs used in the present work. For the present systems
we observe a change in the thermal expansion coefficient at a
temperature of around 400 K, which would suggest much
higher glass transition temperatures (Section S6). At the same
time, one can observe from the analysis of the normal vector
ACEF that in this temperature range the relaxation time for the
slowest process 73 reaches the limit of the MD time scale.
Similar limitations of, for example, the diffusivity on MD time
scales compared to experiments have also been observed for
other conjugated systems.”* The change in the thermal
expansion is thus merely a direct result of the limited MD
time scale rather than a feature of the system. As a result, at
least for the present systems the analysis of the thermal
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expansion cannot be expected to yield a physically meaningful
estimate of the glass transition temperature. Further compar-
ison between the thermal expansion method and the method
presented in the present work is needed to fully characterize in
which situations they are applicable.

B CONCLUSIONS

The method for extending the temperature range using
Bayesian regression presented in this work allows us to study
relaxation processes in liquid and supercooled liquid systems
containing hundreds to thousands of molecules. Hence, it is
possible to make material-specific predictions for the glass
transition temperature and the kinetic fragility. The general
approach is directly extendable to other systems, where
especially the diffusivity can be readily computed. This work
serves as a first step toward accurately describing the complex
relaxation processes in multicomponent mixtures of perylene
derivatives. Insight into these relaxation processes is key in
obtaining a systematic understanding of the dynamics of
perylene derivatives, enabling the design of stronger and more
stable glass forming system.
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Figure S1: Schematic representation of the normal vector autocorrelation function J(7), see
Eq. (S3).

S1 Computing the normal vector autocorrelation function

Given 77" (t) as the position of atom m in molecule ¢ at time ¢, the centroid position of molecule i
with M atoms is defined as

ri(t) = 32 >0 r () (1)

m=1

We can now define the normal vector correlation function,

N N
Cﬁfl(’l“,T) = <ZZ(5(’I‘ - ’I‘ij)ﬁi(t) "flj(t—‘rT)> s (SQ)

i=1j=1

where 71,;(t) is the normal vector of molecule i, and is calculated by computing the normal to the
point cloud of atoms in the molecule, {r}*(¢)}. The ensemble average is taken over all frames in the
trajectory. In particular, we study the special case of the normal vector autocorrelation function
C7.(0,7), denoted J (7).

J(7) = Caa(7) = (Ai(t) - At + 7))y, (S3)

with the ensemble average taken over all frames ¢ and each molecule ¢ in the system. Equation
(S3) can be efficiently computed from the signal #;(t) using the Wiener-Kinchin theorem.

We may also extract the standard error as an uncertainty estimate for J(7) from the correlation
function for each molecule J;(7) before computing the ensemble average in equation Eq. S3, using

the central limit theorem,
os(r) = [ Var ({7}) VN, (54)

where N is the number of molecules in the system. The normal vector 7;(¢) and J(7) are schemat-
ically represented in Fig. S1.

Two production molecular dynamics (MD) simulations, with a length of 100 ps and 10ns re-
spectively, were run in order to get the same number of statistics for short and long time lags.
The trajectory files were written every 1fs for the 100 ps simulation and every 100 fs for the 10 ns
simulation. The normal vector autocorrelation functions (ACFs) according to Eq. S3 were calcu-
lated for both production runs and then spliced together at a time lag of 7 = 1ps. This splicing
was also done for the standard error in equation Eq. S4.

S2 Extracting the diffusivity from the mean-squared dis-
placement

We obtained the molecular diffusivity D for each perylene derivative I-V and temperature, from

the mean squared displacement (MSD) <Ar2> of the molecular centroid positions?,

(Ar*) = 6Dr. (S5)

The diffusivity was computed using production runs with a duration of up to 10ns. D was extracted
by performing a linear fit using Bayesian regression to the MSD (Fig. S2). Note that D for
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Figure S2: Diffusivity computed from the MSD for each perylene derivative I-V
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Figure S3: a) Mean-squared displacement and b) diffusivity obtained from the MSD measured
over 100 ns MD simulations, as a function of temperature for perylene derivative I. Note that the
diffusivity exhibits a discontinuity at 400 K, which is due to the diffusion processes reaching the
timescale of the MD simulation.

high temperatures change slope; this is due to some of the derivatives transitioning to a gaseous
phase. When fitting the Vogel-Fulcher-Tammann (VFT) equation we thus only considered D for
temperatures < 700 K.

The lower bound in temperature for the diffusivity calculations was 400 K, due to the diffusion
processes slowing down to the timescale of the MD simulation at this temperature. To demonstrate
this effect, we performed a set of 100 ns MD simulations for perylene derivative I for a broad range
of temperatures, and calculated the diffusivity (Fig. S3). Specifically, for perylene derivative I at
400 K, the diffusivity is 1 x 10~ nmps~!. Over the course of a 100ns MD simulation, this means
that on average each perylene molecule moves a distance of ~3 A. This distance is comparable to
the nearest-neighbor distance between molecules, which means that at 400 K a perylene molecules
barely has time to move out of the shell formed by it’s neighbors.

For temperatures lower than 400 K the diffusivity decreases further, and the average distance
that a perylene molecule moves becomes smaller than the nearest neighbor distance. This means
that on the timescale of the MD simulation, the molecules will appear to be locked in their nearest-
neighbor cages, and we can no longer reliable estimate the diffusivity. We can approximate the
lowest diffusivity we can estimate based on the MD simulation time using the nearest-neighbor
distance. Assuming a nearest-neighbor distance of R, we require that <Ar2> > R?. This implies
R? > 6DT where T is the total simulation time, from Eq. S5. By assuming a nearest neighbor
distance R of 3 A and a simulation time T of 100ns, we obtain D 21073 m?s~!. If the diffusivity
drops below this threshold it can no longer be reliably estimated, which for the present system
occurs at approximately 400 K.
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S3 Bayesian fitting

In this work, we use a Gaussian likelihood function, which under the assumption of independent
and identically distributed Ny data d; € D, here takes the form,

Ng

p(Dl6.7) = []

i=1

1

78—(1\4(9)—@)2/(20?)7 (S6)
27“71‘2

with o2 as the variance of the residual for datum d;. We use o; to encode the standard error of

the diffusivity and the ACF, as well as to perform error propagation.

S3.1 Fitting the autocorrelation function to triple exponential

Let J(7)r denote the ACF for temperature T. For each perylene derivative a—e, we have a data

set of ACFs D = {J (T)Ti}iLzl, where L is the number of distinct temperatures studied for this

derivative. In this stage, we used a Gaussian likelihood on the form in equation Eq. S6, where we

let o; = O'/O'J(T)Ti7 with OJ(r)r, being the standard error for ACF J(7)r, at temperature T;, and o

is a free parameter. This is a heteroscedastic error model, in which each datum has an individual

error. In total, the set of free parameters to optimise in this stage was @ = {A;, As, 71, 72,73, 3,0}
The priors for each of the parameters were set as follows,

1
PAIT) = e M/, for iy, 4, (57)
2
p(ni|T) = 5%@—(71/@2/2753 -0 )
1 2
7)) = e—((m—lo)/so) /2 -
p(r2lT) 50v/27 (S9)
1
p(73|Z) = Ee‘“’)gm (m3)—3)%/2 ($10)
2
p(ﬁlI) = \/> e_((fc_l)/o-l)z/Q’x -9 _ 6 (Sll)

0.1y
p(o|Z) = ﬁe‘”z/z,x >0 (S12)

with the same priors being used for all temperatures. Note that the prior for 73 is for log (73),
due to 73 spanning several orders of magnitude throughout the temperature range. The joint prior
then becomes

p(0|Z) =p(A:1|Z)p(A2|T)
p(T1|T)p(72|T)p(73|T) (513)
p(B|Z)p(c|T).
We then used Markov-chain Monte Carlo (MCMC) sampling to sample the posterior p(0|D,T).
For numerical stability, the likelihood and priors were rewritten as the log-likelihood and log-

prior respectively. Optimizing the posterior or the log-posterior does not change the resulting
distributions, and thus the quantity that was optimized was, up to a constant,

In(p(6|D,Z,T)) =1In(p(D|0,Z,T)) + In (p(0|2)). (S14)

See Sect. S7 and Sect. S8 in the Supplementary Information for traces and corner plots resulting
from the Bayesian fitting procedure.

J(r) = Aye ™/ 4 Age™ /™ 4 (1= Ay — Ag)e"T/™)”, (S15)

The triple-exponential model in equation Eq. S15 has six free parameters, and combined with the
noise parameter o we thus obtain a seven-dimensional posterior distribution p(6|D,Z,T). From
the posterior distribution, the marginal distribution for 73 can then be extracted,

])(7’3|'D,I7 T) 0,8 /p(9|D,I, T)dAldA2d7'1dT2dﬁd0'. (816)
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Computationally, the marginal distribution can be extracted by only studying the samples distri-
butions for the marginal parameters of interest. Mean p.,(7) and standard deviation o, (T") of
73(T") were then extracted from p(73|D,Z,T) in order to inform the second stage of the regression
process.

S3.2 Fitting the diffusivity and autocorrelation to the VFT equation

Both the diffusivity and 73 were fit to a VFT equation using the same framework, as described
in this section. The only difference between the two is the sign in the exponential of the VFT
equation, which was negative for the diffusivity since the diffusivity decreases with temperature.
We present the fitting for 75 here as an example.

We fitted a VFT equation the mean values 73(7"), pr, (1), from the first stage of the process,

B

K(T; 0 =7Jex —_—
( ) 3 pkB(T—TVF)

(S17)
where kp is the Boltzmann constant. The VFT equation is an experimentally observed law that
the non-Arrhenius behavior of a-relaxation in glass forming systems obeys, where 75, B, and Tyr
are empirical fitting parameters?.

Note that the VEFT equation as written in the main paper does not include kg, and is instead
written on the common form K(T;6’) = 79 exp ﬁ However, when actually fitting the VFT
equation we introduced kp for numerical reasons as this yields a value of B < 1. kp was then
absorbed back into B for all subsequent calculations of Ty, m etc.

The data set consisted of D' = {u, (Ti)}le. In this case also a Gaussian likelihood with
heteroscedastic errors o; = 0'/o,,(T) was used, with o, (T) as the estimated standard deviation
of the posterior distribution for 75. In total, four free parameters were fitted at this stage, 8 =
{TQ,B,T\/F,U,}.

The priors used in the second stage of the fitting procedure were,

p(|T) = \/\f;e_(Tg)Z)/?,x >0 (S18)

2
V2 —32/2’30

p(B|T) = ﬁe >0 (S19)

p(Tyr|T) = e~ (T =200)/2007°/2 (520)

1
20027
p(d’|Z) = i72Te_‘7/2/2,310 >0 (S21)
The log-posterior was then optimized using MCMC-sampling, similarly to the first stage of the
regression process. See Sect. S7 and Sect. S8 in the Supplementary Information for all traces and
corner plots resulting from the Bayesian fitting procedure.

The resulting posterior distribution p(@’|D’, ') of the fit to the VFT equation was then used to
extrapolate 73 to lower temperatures, feeding the posterior distribution samples through the model
in equation Eq. S17. The glass transition temperature Ty is roughly taken to be the temperature
at which the slowest relaxation process in the system exceeds 100s2. We therefore took the
temperature at which 73(7") exceeded 100s for each sample of the posterior distribution as an
individual estimate of T,. In total, for each molecule a—e, we obtained a distribution p(7,|D,D’,T)
of estimates of the glass transition temperature 7,. Note that the estimate for T}, is relatively
stable with regard to the choice of cutoff time for 73(T). Decreasing the time to 1s or increasing it
to 10000 s changes T, by 7K and —5K, respectively. These changes are smaller than the standard
deviation of p(T,|D,D’,T), which typically is approximately 10K to 20K for the systems under
study.

The glass transition temperature was similarly estimated from the diffusivity D(T") as obtained
from the MSD, using the same workflow. In this case, the inverse of the diffusivity was fitted
against a VFT equation. The MSD over 100s was then calculated as a function of temperature,

and T, was estimated as the temperature at which the MSD reaches 100 A%
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S4 Autocorrelation functions for all perylene derivatives
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(a) Normal vector ACF for derivative I

Figure S4: Calculated and fitted ACFs using (S15). Error bands of the fits are plus and minus one

standard deviation.
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Figure S5: Calculated and fitted ACFs using (S15). Error bands of the fits are plus and minus one
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Figure S7: Glass transition temperature 7, estimated via simulated annealing using four different
cooling rates for ethyl-perylene, a perylene derivative denoted II in this work. Ty is taken as the
point at which the slope of the density changes, roughly at 412 K. This estimate from simulated
annealing is severely overestimated compared to the experimentally measured glass transition tem-
perature of 252.35 K from?3. Note that the system size here is significantly larger than in the main
paper, consisting of 5179 residues for a total of 217 322 atoms.

S5 Decomposing the autocorrelation function

Let {rf(t) ,]:[:1 be a trajectory of the coordinates of the atoms in a specific molecule i. The
trajectory of a single molecule i was extracted and the centroid of the molecule, r;(t), was placed
in the middle of the simulation cell for each frame to avoid effects of the molecule moving over the
periodic boundaries. The power spectrum of for each Cartesian component of the shifted trajectory
was then computed, convoluted with a filter F'(w) in the Fourier domain, and the filtered power
spectrum S’(w) was then back transformed to yield a filtered trajectory {r;’c ()M

Siw) = F[rh(1)]" ), 1 € {w,y,2}
S/(w) = S (w) * F(w) (S22)

’

=i () = F 7 S{(w)] (1)

where F denotes the Fourier transform. The filter F(w) is a simplified bandpass filter, on the form

(S23)

Flw) 1, wifw<Lw
w
0, otherwise.

By setting the filter frequencies w; and wy to match the expected time scales for 71, 79 and 73,
this scheme gives a rough decomposition into what types of motion take place on the different
timescales and allows us to somewhat elucidate what processes the ACF capture. A visualization
of the decomposition scheme is available in the supplementary movie, Video V1.

S6 Estimating the glass transition temperature from simu-
lated annealing

Here we demonstrate the use of simulated annealing for predicting the glass transition temperature
of derivative IT Fig. S7. Following the general approach set out in the literature, 7, is taken as
the point at which the density changes slope®®. This approach yields T} that is overstimated by
approximately 150 K, compared to experiments using differential scanning calorimetry from?3.

S7 MCMC sampling

Note that all the traces presented in this section have been sub-sampled by the maximum auto-
correlation time over all chains. The traces thus only contain uncorrelated values.

S7.1 MCMC traces: Fitting the diffusivity

In the interest of space, we only show a representative trace plot for derivative I at 450 K (Fig. S8).
All traces for the remianing perylene derivatives and temperatures are similar.

S7



trace_450K

0.0056270

0.0056265
Q

0.0056260

0.0056255

14.65
14.60
1%.55

14.50

14.45

0 100 200 300
step number

Figure S8: MCMC parameter trace for fitting the diffusivity in equation (S5) to the MSD at 450 K
for derivative I

S7.2 MCMC traces: Fitting the VFT equation to the diffusivity
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Figure S9: MCMC parameter trace for the fit of the VFT equation to the diffusivity.
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Figure S10: MCMC parameter trace for the fit of the VFT equation to the diffusivity.
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Figure S11: MCMC parameter trace for the fit of the VF'T equation to the diffusivity for derivative
A%

S7.3 MCMC traces: Fitting the normal vector ACF

In the interest of space, we only show a representative trace plot for derivative I at 450K (Fig. S12).
All traces for the remianing perylene derivatives and temperatures are similar.
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Figure S12: MCMC parameter trace for fitting the triple exponential function in equation (S15)
to the normal vector ACF at 450K for derivative I

S7.4 MCMC traces: Fitting the VFT equation to the normal vector
ACF
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Figure S13: MCMC parameter trace for the fit of the VFT equation to the normal vector ACF.
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Figure S14: MCMC parameter trace for the fit of the VFT equation to the normal vector ACF.
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Figure S15: MCMC parameter trace for the fit of the VET equation to the normal vector ACF for
derivative V.

S8 Corner plots
Note that all the traces presented in this section have been sub-sampled by the maximum auto-
correlation time over all chains. Thus, the corner plots only contain uncorrelated values.

S8.1 Corner plots: Fitting the diffusivity

In the interest of space, we only show a representative corner plot for derivative I at 450K
(Fig. S16). All corner plots for the remianing perylene derivatives and temperatures are simi-
lar.
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S8.2 Corner plots: Fitting the VFT equation to the diffusivity
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Figure S17: Corner plot for the fit of the VFT equation to the diffusivity.
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Figure S18: Corner plot for the fit of the VFT equation to the diffusivity.
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Figure S19: Corner plot for the fit of the VFT equation to the diffusivity for derivative V

S8.3 Corner plots: Fitting the normal vector ACF

In the interest of space, we only show a representative corner plot for derivative I at 450K

(Fig. S20). All corner plots for the remianing perylene derivatives and temperatures are simi-
lar.
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S8.4 Corner plots: Fitting the VFT equation to the normal vector ACF
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Figure S21: Corner plot for the fit of the VFT equation to the normal vector ACF.
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Figure S22: Corner plot for the fit of the VFT equation to the normal vector ACF.
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Figure S23: Corner plot for the fit of the VFT equation to the normal vector ACF for derivative
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