
Thermosalient phase transitions from machine

learning interatomic potential

Bruno Mladineo and Ivor Lončarić∗

Ruđer Bošković Institute, Bijenička 54, Zagreb, Croatia

E-mail: ivor.loncaric@gmail.com

Abstract

We developed an accurate machine learning interatomic potential for the thermos-

alient molecular crystal N-2-Propylidene-4hydroxybenzohydrazide. This crystal ex-

hibits one of the largest mechanical responses during its thermosalient phase transition.

Leveraging the speed of our developed potential, we performed Gibbs free energy calcu-

lations that successfully predict phase transitions in good agreement with experimental

observations. Additionally, our model accurately captures the phenomenon of negative

linear thermal expansion preceding the thermosalient phase transition. We show that

the energy barrier exists at phase transition temperature and that this energy is purely

elastic elucidating the physical reasons for the thermosalient effect.

Polymorphism is a common occurrence in molecular crystals, influencing their physico-

chemical properties with important consequences in the production and development of phar-

maceuticals, dyes, or explosives. This makes modeling polymorphs and their transformations

of great importance. Modeling is usually based either on first-principles quantum methods

such as density functional theory (DFT) or (tailor-made) classical forcefield. The former

brings the needed accuracy at a considerable cost, while the latter is orders of magnitude

faster but significantly less reliable. In recent years machine learning interatomic potentials
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(MLIPs) have arisen with the promise to provide both accuracy and speed.1 However, so

far their use has been limited for molecular crystals. First, the computational cost of DFT

associated with large unit cells of molecular crystals is a limiting factor for the widespread

use of MLIPs in modeling molecular crystals.2 Second, the lion’s share of MLIP architec-

tures are short-ranged, while long-range interactions, such as electrostatics and dispersion,

are inherent in molecular crystals,3 posing a challenge for the application of MLIPs. Despite

these challenges, certain successes have been made in specific applications, such as accu-

rately modeling the potential of pentacene and azapentacene with sub-kJmol−1 accuracy4

or predicting thermodynamic stability in agreement with experiments for various molecular

crystals.5,6 Notably, these studies suggest that some properties of specific molecular crystals

can be accurately modeled with short-ranged MLIPs.

In this communication, we construct an MLIP to model a particularly interesting poly-

morphic phase transition called thermosalient effect or colloquially jumping crystals. The

thermosalient effect is a rare phenomenon during temperature-induced polymorphic phase

transitions characterized by a fast and anisotropic change in lattice parameters that makes

the visually attractive mechanical response of crystals jumping.7,8 In general, molecular crys-

tals that exhibit a mechanical response on a macroscopic scale when stimulated thermally

(and/or photostimulated) are a useful platform for designing actuators, artificial muscles,

biomimetic kinematic devices, as well as heat and light sensors. Crystalline materials, if

used as actuators, offer a key advantage over soft materials due to their rapid response,

typically occurring in less than a millisecond.

Out of a few known thermosalient molecular crystals, we focus on N’-2-Propylidene-4-

hydroxybenzohydrazide which stands out as it is a current record-holder for the distance it

can jump and at the same time exhibits the largest uniaxial negative thermal expansions

reported so far.9–11 This system has three known polymorphs. In conventional synthesis, form

I is obtained. Upon heating to ∼ 420 K, there is an irreversible thermosalient transition to

form II preceded by extremely large uniaxial negative thermal expansions and large biaxial
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positive thermal expansion. Form II is the stable polymorph at higher temperatures. Upon

cooling, at ∼ 350 K there is a reversible thermosalient transition to form III which is the

stable polymorph at low temperatures. Both form II and form III also show uniaxial negative

thermal expansion.

The reasons for the thermosalient effect are still not fully understood, impairing the

possibility of prediction of thermosalient systems. Several first-principles (DFT) modeling

studies shed light on atomistic processes in some thermosalient systems such as phonon

vibrations that facilitate the transition.9,12,13 However, due to the size of the unit cell,

more detailed DFT calculations are prohibitively expensive. For example, N-2-Propylidene-

4hydroxybenzohydrazide has a unit cell of four molecules each with 26 atoms.

The training dataset for our MLIP is based on DFT calculations that have been performed

using Vienna ab-initio simulation package, VASP.6.3.014,15 employing r2SCAN exchange-

correlation functional.16 A complete input file for calculations is available in supporting

information.

The initial dataset was created via normal mode sampling17 of three different polymorphs

and isolated molecules, with different temperatures for each form. Different temperatures

were selected to further diversify the dataset with form I at 500 K, form II at 300K, form III at

400K, and the isolated molecule at 200K. We used the phonon module of Atomic Simulation

Environment (ASE)18 with the existing MLIP ANI-2x19 from the TorchANI package.20 On

top of the potential, we used the DFT-D4 correction with parameters corresponding to the

baseline functional. Obtained phonon modes were filtered to remove modes (structures)

that are degenerate (too similar to each other), or that had negative or too low frequencies

resulting in non-physical structures. Figure S1 shows the distribution of selected phonon

modes. In total, we selected 706 structures for the initial database.

To improve the robustness and accuracy of the potential we expanded the dataset via

an active learning scheme. To that end, we performed molecular dynamics (MD) simula-

tions with conserved particle number (N), pressure (P), and temperature (T), the isother-
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mal–isobaric ensemble (NPT), as implemented in ASE. The NPT MDs of the system are

run at slowly increasing temperatures (see Figs. S2 and S3), with 1 fs timestep, the charac-

teristic timescale of the thermostat set to 10 fs, and the constant in the barostat differential

equation set to 1. Estimated uncertainty was calculated every 30 MD steps. We selected

100-200 structures for which the uncertainty was the highest, recalculated them using DFT,

and added them to the dataset. We used the query by committee (QBC), an ensemble-based

approach successfully implemented in other works,21 as an uncertainty estimator. We have

used both the energy uncertainty and the maximum force uncertainty from all the atoms

in a structure. The energy uncertainty estimate can be viewed as a global estimate of un-

certainty of the entire structure, while the force uncertainty, as defined, is a local estimate

of uncertainty. To get the most out of active learning schemes it is important to maximise

variation in the models of the ensemble. To do so the training of the models was done with

different initial weights, and also with different training/validation dataset splits. In every

generation, eight models were trained, six (best performing on the validation set) models

were used for the uncertainty estimate and two worst-performing models per generation were

dropped. In total, we did six generations of active learning. The final dataset (5th GEN) has

a total of 1507 structures and mean absolute error (MAE)/ root mean square error (RMSE)

of 0.45/0.56 meV/atom. In Fig. 1 we show the accuracy evaluation of the best model of

GEN0/GEN5 compared to DFT data from the final dataset, illustrating the improvement

in accuracy and reduction in outliers achieved as a result of the active learning process.

We chose NequIP, an E(3)-equivariant message-passing graph neural network, as our

MLIP architecture because of its capacity to achieve state-of-the-art accuracy across a wide

range of molecules and materials while maintaining exceptional data efficiency.22 Several pa-

rameters of the network can be used to increase the accuracy by increasing the complexity,

but this decreases the speed of the model inference. It is critical to find a balance between

complexity and speed and we approached this task via hyperparameter optimization. Hy-

perparameter optimization was done on the number of features (NF ) and cutoff radius (rc).
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Figure 1: Comparison of MLIP and DFT energy predictions. Top panel: Generation 0
model. Bottom panel: Generation 5 model.

The first specifies the multiplicity of irreducible representations (features) and positively

correlates with the complexity of the model and negatively with the speed of inference (pre-

diction). rc specifies a maximum distance for the message to pass from one atom to another

in one message-passing iteration and describes the size of the local environment. A larger rc

can improve accuracy as the network looks at a bigger description space, but slows down the

model. All other model parameters were left default and can be found in supporting data.

In Fig. S4 we show the impact of NF and rc on the accuracy of the model. Changing the

NF between 32 and 64 has a limited impact on model accuracy, therefore we can infer that the

model is complex enough with 32 features. Increasing this value would only lead to a slower

model while increasing the danger of overfitting. We control for overfitting by evaluating
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the model during fitting on a validation dataset, where we use a 90/10 training/validation

dataset split. The fitting process is stopped after the loss on the validation dataset stops

decreasing for 100 epochs, and the model selected for use is the best-performing one on

the validation dataset from all epochs. rc specifies the maximum distance a message will

pass from one atom to another and can be interpreted as a distance cap for interaction a

model can capture, but because of message passing the effective range of local environments

is multiple of rc, allowing for use of a much lower rc than might be considered physically

relevant for an organic molecular crystal. In a molecular crystal atoms inside a molecule are

close to each other and the message in the message passing travels without interruption from

atom to atom, but atoms from neighboring molecules can be "invisible" if at least a pair of

atoms from neighboring molecules are not close enough to "bridge the gap", i.e. transferring

the message from one molecule to the other. In effect, there is a minimum rc for our system

so that the model can learn the intermolecular interactions. As can be seen in figure [S4]

for values of rc = 3.5 Å and lower accuracy are progressively worse, while for values of 4

Å and higher, the accuracy is similar. From this, we conclude that the value of rc = 4 Å

is the minimal value required to get the intermolecular interaction information while the

higher values do not contribute to a significant improvement of accuracy while contributing

massively to the slowdown of the model. This is understandable considering the amount of

information encoded in the local environment effectively scales with the volume or ∼ r3c .

All simulations using the ML model were performed in ASE. To account for van der

Waals forces, on top of the ML potential, we used the DFT-D4 correction with parame-

ters corresponding to r2SCAN.23 Since the three-body term in DFT-D4 is computationally

expensive for large supercells used in this work but its effect is rather small for molecular

crystals,24 its contribution was neglected. To calculate the phonons in harmonic approxi-

mation (HA) and corresponding vibrational free energies we used the Phonopy package.25,26

We used 3×3×3 supercells and the finite difference displacements of 0.01 Å. Once the force

constants were obtained, we used 17×17×17 Monkhorst-Pack q-point sampling to obtain all
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phonon-related properties. High-temperature form II cannot be freely relaxed by our model

without conversion to form III (as such calculation corresponds to T=0). Therefore, we have

fixed its volume to the experimental value for the HA calculations.

All three experimentally known forms have a similar harmonic phonon density of states

(DOS) as shown in Fig. S8. Only small differences exist in the low frequencies, where the

phonon density of states of form II rises the fastest which makes its entropic contribution to

Helmholtz free energy the largest, followed by form I. As shown in Fig. S9, enthalpy is on the

other hand the smallest for form III, followed by form I, and then form II. This makes the

Helmholtz free energy as a function of the temperature of the three forms to cross, inducing

the observed phase transitions.

To include the effect of thermal expansion, we have calculated Gibbs free energy within

quasi-harmonic approximation (QHA)27 as shown in Fig. 2. In the development of our
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Figure 2: Gibbs free energy per unit cell for the three forms of the crystal calculated in QHA
with the full range of the energy-volume curve used for the fit of EOS.

workflow for the QHA calculations, we explored multiple strategies to construct the crucial

energy-volume curve. Initially, we used a conventional approach that involves simultaneous

minimization of atomic positions and unit cell parameters at a fixed isotropic pressure to

acquire data points along the energy-volume curve. However, as shown in Fig. S5, pressure

induces phase transitions which prevent the use of such an approach. Next, we moved to the

simultaneous optimization of atomic positions and unit cell parameters while maintaining
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a constant volume. To avoid phase transitions as volume is changed, we found that the

most reliable workflow is as follows. We started with the experimental structure of each

form. We relaxed the structure keeping the volume fixed. We continued with a systematic

sweep, incrementally increasing or decreasing the volume by 5 Å3 from the previous step and

relaxing the structure with a fixed volume. We performed the procedure until we reached

our desired upper or lower limit for volume.

We fit the energy-volume data to the Birch-Murnaghan equation of state (EOS). Given

the complexity and extremely anisotropic thermal expansion of our system, the energy-

volume curve is not as smooth as for typical materials. This means that in some situations

the EOS fit does not correspond to the minimia of the energy-volume data and depends on

the range of considered volumes. For this reason, we have used two different EOS fits that

can be seen in Fig. 3 for form III and in Figs. S6 and S7 for forms I and II. In one case, we
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Figure 3: The QHA calculation for form III where the exploration of the energy-volume
curve starts from the experimental volume. The top panel covers a full range of volumes
from 940 Å to 1140 Å, bottom panel is the constrained range (1000 to 1080 Å) to fit the
EOS.
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use the full range of volumes, and in the other case, we constrain the range of volumes so that

EOS is fitted only on points close to the minimum. Although the qualitative conclusions are

similar, this choice has an impact on the results. For example, the impact of this difference

on free energy can be seen by comparing Fig. 2 for the full range of volumes to Fig. S10 for

the constrained range of volumes. Figures in the main text correspond to the EOS fit for

the whole range of volumes.
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Figure 4: Change in the unit cell parameters during a phase transition between form III
and form II (top panels) and form I and form II (bottom panels). The left panels show
experimental PXRD values,9 and the right panels show QHA calculations using the MLIP.

Qualitatively, Gibbs free energies that include anharmonic corrections on the level of

QHA are similar to Helmholtz free energies from HA. However, predicted phase transition

temperatures are higher in QHA than in HA. In the following, we list values obtained with

EOS fitted to the whole range of volumes while values corresponding to the constrained

volume range are listed in parentheses. Form I has an enthalpy of 1.41 (1.02) kJ/mol higher

than form III and 1.28 (1.96) kJ/mol lower than form II. As form II has the highest entropy,
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Figure 5: Temperature dependence of phonon DOS for forms I, II and III.

at the temperature of 374 (310) K, Gibbs free energy becomes lower for form II than for form

I and phase transition takes place which can be well connected with experimentally observed

phase transitions. The experimental phase transition temperature from differential scanning

calorimetry (DSC) is 423 K.9 On cooling form II, due to the difference in enthalpy, Gibbs

free energy of form III becomes the lowest at T=360 (325) K, and form III is the most stable

at low temperatures. The experimental phase transition temperature from form II to form III

from DSC is 351 K in the cooling run and 359 K in the heating run, in excellent agreement

with the prediction. Upon further heating and cooling, there is a reversible transformation

between forms II and III in agreement with experiments. Considering that state-of-the-art

DFT calculations with currently best performing functional can have errors in predicting

polymorph phase transition temperature larger than 100 K,28 our results are better than

one would expect.

All phase transitions are isomorphous and characterized by large changes in lattice pa-

rameters. We extracted a unit cell for each temperature that has the lowest Gibbs free energy

and compared it to unit cell parameters as a function of temperature that are measured by
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powder x-ray diffraction (PXRD). As can be seen in Fig. 4 our model can reproduce well

temperature-dependent PXRD measurements. PXRD values close to the phase transition

temperatures are not reliable as phases are mixed at these temperatures. Our MLIP slightly

overestimates the c parameter and underestimates the b parameter of a unit cell of form II,

while cell parameters of low-temperature forms are well predicted. More importantly, the

studied system is characterized by negative linear thermal expansion along one of the axes

(c in form I, and b in forms II and III). Our model predicts negative thermal expansion in

forms I and III in agreement with experiments, and a small positive thermal expansion in

form II.

Thermosalient phase transitions often have been connected to the softening of phonon

modes.13,29 In Fig. 5, we show low-frequency harmonic phonons as a function of temperature

for the three forms. Harmonic phonons have been calculated for the structure that corre-

sponds to the minimum of Gibbs free energy at a given temperature. All phonon modes in all

three forms are positive for all temperatures, confirming the dynamical stability of all three

forms. As expected, most of the phonon frequencies decrease as the temperature (volume)

increases. For form II and III frequencies generally decrease for 5–10 cm−1 in the range

of temperatures of 0–480 K. Interestingly, for form I, frequencies decrease for temperatures

0–240 K but seem to change to a slightly higher (∼ 3 cm−1) frequencies for temperatures

300–480 K.

While the above results explain thermodynamical reasons for phase transitions, they do

not explain the reasons for the thermosalient phenomenon.

To elucidate it, we have performed climbing-image solid state nudget elastic band (SS-

NEB) calculations as implemented in Transition State Library for ASE (tsase).30–32 As shown

in Fig. 6, the minimum energy path between forms I and III (through form II) was calcu-

lated on 28 SSNEB images. We have found that the generalized forces in SSNEB almost

exclusively correspond to the (scaled) stress. This means that the forces on all atoms along

the phase transition path are lower than our structural minimization threshold as shown in
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Figure 6: SSNEB results. Top panel: Maximum force on any atom for all SSNEB images.
Middle panel: Stress on each unit cell along the minimum energy path. Bottom panel:
Helmholtz free energy along the reaction path for different temperatures normalized to the
free energy of form III. Crystal structures of Form I (image 1), Form II (image 15) and Form
III (image 26) are also shown.

the top panel of Fig. 6. This allowed us to perform HA phonon calculations along the phase

transition path to obtain the corresponding free energy as shown in the bottom panel of
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Fig. 6. The black dashed line shows the direct output of SSNEB. With zero point energy

added, for form I, the most stable image at T=0 is not the original one, but the next image.

For both form I and form III, as the temperature increases, due to the thermal expansion,

the minimum shifts to adjacent images. Image 15, which corresponds to form II, has the

highest energy in SSNEB showing again that it is not stable at low temperatures and can

convert to low-temperature forms without an energy barrier. However, as the temperature

increases its Helmholtz free energy becomes the lowest, and it is the most stable form at

high temperatures as discussed above.

Interestingly, at the transition temperature when the free energies of form II and forms

I or III are equal, there is a transition energy barrier that amounts to 1.2-1.6 kJ/mol. A

transition energy barrier exists also for higher temperatures. That means that additional

energy is needed for the phase transition to take place. On the other hand, once the transition

state is reached, phase transition can proceed fueled by the energy difference between the

transition state and the stable polymorph. As mentioned above, along the SSNEB path

forces on atoms are low, below our minimization threshold of 0.005 eV/Å, and SSNEB

generalized forces that constitute the transition energy barrier are made of stress of the

order of 0.02-0.05 GPa. This means that upon phase transition, the energy released from

overcoming the barrier will be in the form of mechanical energy and the existing stress will be

relaxed giving rise to the mechanical response that manifests as a thermosalient effect. The

kinetics of this process is beyond the scope of this communication but we plan to study it

with molecular dynamics using our machine learning potential. Our results explain why the

thermosalient transitions are described as non-displacive (martensitic), concerted, first-order

phase transformations.33

In conclusion, we developed the first MLIP for a thermosalient molecular crystal. We

choose N-2-Propylidene-4hydroxybenzohydrazide which shows one of the largest mechanical

responses during thermosalient phase transition which is preceded by one of the largest

negative thermal expansion. Our MLIP has sub-meV/atom accuracy closely resembling the

13



baseline r2SCAN+D4 DFT calculations. Our Gibbs free energy calculations explain the

observed irreversible transition from form I to form II and reversible transitions from form II

and form III. The transition temperature for the reversible transformation between forms II

and III T=87 (52) °C is in remarkable agreement with experiments T=78 - 86 °C. Transition

from form I to form II is predicted at 101 (37) °C in comparison to the experimental value

of 150 °C. Still, this is considered as state-of-the-art accuracy.28 Our MLIP model is also

able to predict negative linear expansion for forms I and III in agreement with experimental

observations. We provide a first direct calculation of the thermally induced stress that

drives the thermosalient effect by calculating temperature-dependent free energies along the

transition path. Finally, our openly available MLIP can be used for other types of calculations

studying this system to deepen understanding of the thermosalient effect. On our side, we

plan to separately publish a detailed study of the dynamics and kinetics of the thermosalient

transition. Our deposited DFT dataset can be also used to benchmark more advanced MLIP

architectures.
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Supporting Information: Thermosalient phase transitions from

machine learning interatomic potential
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Figure S1: Distribution of vibrational modes for form I. Left: unfiltered distribution; right:
filtered distribution of modes selected to be included in the initial dataset.
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Figure S2: QBC selection of additional training points for GEN0 model. Left panel shows
uncertainty in energy and selected structures based on energy criteria, right panel shows
uncertainty in forces and selected structures based on force criteria.

1



0 5000 10000 15000 20000 25000 30000
MD time (fs)

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

E (
eV

)

GEN4
QBC uncertainty
selected structures

0

100

200

300

400

T 
(K

)

T

0 5000 10000 15000 20000 25000 30000
MD time (fs)

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

F (
eV

/Å
)

GEN4 QBC force uncertainty
selected structures

0

100

200

300

400

T 
(K

)

T

Figure S3: QBC selection of additional training points for GEN4 model. Left panel shows
uncertainty in energy and selected structures based on energy criteria, right panel shows
uncertainty in forces and selected structures based on force criteria.

30

35

40

45

50

55

60

65

num_features

2.0

2.5

3.0

3.5

4.0

4.5

5.0

5.5

6.0

r_max

0.000

0.001

0.002

0.003

0.004

0.005

0.006

0.007

0.008

best_accuracy

fi fi

Figure S4: Parallel coordinates plot of hyperparameter optimization showing the influence of
number of features NF (num_features) parameter and cutoff radius rc (r_max) parameter
to final model accuracy (lower best_accuracy means more accurate model). To obtain a
good model it is necessary to have cutoff radius of at least rc = 4 Å.
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Figure S5: QHA calculation for form I where the exploration of the energy-volume curve
was done with minimisation under incrementally changing pressure.
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Figure S6: The QHA calculation for form I where the exploration of the energy-volume curve
starts from the experimental volume. Left panel covers a full range of volumes from 940 Å
to 1140 Å, right panel is the constrained range to fit the EOS close to minima.
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Figure S7: The QHA calculation for form II where the exploration of the energy-volume
curve starts from the experimental volume. Left panel covers a full range of volumes from
940 Å to 1140 Å, right panel is the constrained range to fit the EOS close to minima.
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Figure S8: Phonon DOS for the three forms calculated in the HA.
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Figure S9: Helmholtz free energy for the three forms calculated with HA.
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Figure S10: Free energy for the three forms calculated with QHA, where the range of the
energy-volume curve has the volume range modified to fit of EOS around the minimum.
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VASP input INCAR file for DFT data generation
NCORE = 4

ISMEAR = 0

SIGMA = 0.03

EDIFF = 1E-6

ENCUT = 440

PREC = Accurate

KSPACING = 0.2

METAGGA = R2SCAN

LASPH = .TRUE.

LMIXTAU = .TRUE.

LWAVE = .FALSE.

LCHARG = .FALSE.

7



TOC Graphic

0.0

2.5

170
210

60

270
Fr

e
e
 e

n
e
rg

y
 (

kJ
/m

o
l)

Phase transition path Te
m

p
e
ra

tu
re

 (
K

)

T
=

1
7

0
K

T
=

2
1

0
K

8


