Open Access Article. Published on 13 April 2026. Downloaded on 4/17/2026 10:40:37 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Digital
Discovery

I ROYAL SOCIETY
P OF CHEMISTRY

View Article Online

View Journal

{ ") Check for updates ‘

Cite this: DOI: 10.1039/d5dd00422¢

Received 18th September 2025
Accepted 7th April 2026

DOI: 10.1039/d5dd00422e

A deep learning approach to searching property
spaces of materials

Robert J. Appleton, €22 Brian C. Barnes,® Steven F. Son® and Alejandro Strachan*?

Melt processing of molecular crystals has several advantages over alternative routes for manufacturing
materials such as pharmaceuticals, organic photovoltaics, and energetic materials. The experimental
characterization of the materials properties required to assess melt processability (melting temperature,
boiling temperature, decomposition temperature and vapor pressure) for the 1.3 million known
molecular crystals is unfeasible; in fact, our survey of the research literature and open databases resulted
in only 43 molecular materials with experimentally measured properties that satisfy a common criterion
for melt-casting. We developed multi-task, graph-based neural network models that simultaneously
predict these properties using a molecular graph as the only input. Screening databases of known
molecules with our ML model resulted 2532 melt-castable candidates, with melting temperature
between 343 K and 393 K, boiling and decomposition temperature greater than 453 K, and vapor
pressure less than 0.0005 mmHg. Going beyond the space of known molecules, we apply our model
with a generative approach to the CHNO chemical space, we discover 55745 additional novel
candidates with promising melt-castable characteristics. This three-orders-of-magnitude expansion
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1. Introduction

Melt processing techniques, such as melt-casting and melt
crystallization, are widely used for manufacturing various types
of materials, including metals," polymers,” and molecular
crystals.® Advantages of these methods include near-final shape
production that minimizes the need for extensive machining
that, in turn, leads to a reduction of material waste and pro-
cessing time.*® In addition, controlled solidification can lead to
uniform microstructures with fewer defects such as porosity,
inclusions, and cracks, enhancing mechanical properties.®
Finally, melt-casting enables the production of components
with intricate geometries that are difficult or impossible to
achieve with traditional subtractive manufacturing methods
making it a desirable method for biomedical implants,”
controlled drug delivery®® and solid-state batteries.'® Specific
melt-cast applications for organic materials include organic
glasses for high-efficiency scintillators,"” organic thin-film
transistors, small molecule organic photovoltaics*® and ener-
getic materials. The popular over-the-counter drugs
ibuprofen and acetaminophen are prime examples where melt-
casting has led to enhanced pharmaceutical characteristics,
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highlights the power of coupling ML screening and generative design to accelerate materials discovery.

enabling faster, solvent-free production while also improving
drug delivery, taste-masking, and controlled release.”>
Unfortunately, a small fraction of molecular materials are melt-
castable due to the multiple constraints on underlying proper-
ties. Melt-castability is largely dependent on the thermal
stability of the molten liquid. The melting temperature should
be moderately low to reduce energy costs and prevent damaging
other components, but it cannot be too low to prevent unwanted
melting during transport, storage, or other stages of the
manufacturing and transportation process. The range of
melting temperatures for melt-casting can vary across applica-
tions and for this work, we use the common range of 343 K to
393 K to enable energy-efficient melting through steam heat-
ing."*'>** We note that this melting temperature criteria would
not include the previously mentioned acetaminophen due to its
higher melting temperature (441 K).>® The stability of the liquid
phase must be ensured by high decomposition and boiling
temperatures to prevent generating toxic fumes and reduce
material loss. To ensure the thermal stability of the liquid
phase, Benz et al.** proposed a minimum stability criterion of
453 K. Surveying experimental data for melting temperature,>***
boiling temperature,* and decomposition temperature,***” we
identified 329 known CHNOFCI molecules that satisfy the
thermal stability criteria for melt-casting. However, the vapor
pressure of the material should also be low and using
a generous filter of <0.0005 mmHg reduces the list to only 43
CHNOFCI molecules with experimental measured properties
that meet both the thermal stability and vapor pressure criteria.
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This estimate represents a lower bound as it was obtained based
on available data in common public databases discussed below.
We have listed the resulting known melt-castable materials
from this survey in the SI. In addition, this number does not
include composite formulations designed to improve or enable
melt-processing.

Gaps in available experimental measurements for known
molecules can be bridged with machine learning (ML), and
such data would be very valuable to guide experimental studies.
The development of quantitative structure-property relation-
ship (QSPR) models has been a cornerstone of chemistry
research since the 1940s*® and has also played a role in other
areas of the physical sciences.”**> With the emergence of ML,
QSPR modeling has expanded in scope and capability, enabling
more accurate and data-driven predictions across a wider range
of scientific domains. These models were originally developed
using hand-crafted descriptors**** that attempted to capture
important chemical and structural properties of a molecule that
govern the corresponding property of interest.*>"** Modern deep
learning approaches have implemented graph-based methods
such as graph convolutional networks*-*' (GCNs) and message-
passing neural networks®” (MPNNs) that can achieve higher
accuracy for property prediction than their QSPR predecessors.
In this work, we trained a directed-message passing neural
network (D-MPNN)*>** to predict fundamental properties for
determining melt-castability of molecular crystals from the
corresponding gas-phase molecular graph. Using our ML
model, we screened molecules based on thermal stability and
vapor pressure and identified 2532 known molecules predicted
to be melt-castable.

Beyond screening known molecules, we utilized a generative
approach to explore property spaces and discover novel melt-
castable materials. Deep generative methods for inverse
design in molecular and materials science have been widely
studied over the last decade, including variational autoencoders
(VAEs),*®*® generative adversarial networks (GANs),*7* and
diffusion models.”””® A key challenge in molecular and mate-
rials discovery is generating candidates that are both synthe-
sizable and processable. In metallic alloys, computational
phase diagram (CALPHAD) approaches, often parameterized
using large datasets of first-principles formation energies*"”®
and convex hulls””"”® calculations, are routinely used to identify
thermodynamically stable structures with accessible processing
conditions.®® In contrast, melt-castability of molecular crystals
depends on multiple thermophysical properties, motivating the
deep-learning-based, multi-property screening and generative
strategy adopted in this work.

Deep generative methods have proven successful at gener-
ating novel structures with ideal properties but require large
datasets and expensive training. Metaheuristic optimization
algorithms, such as genetic algorithms (GAs), have a longer
history in molecular design.*-* These methods can operate on
the molecular graph or string representations such as simpli-
fied molecular-input line-entry system (SMILES)**** and typi-
cally require evolutionary operations with expert chemical rules
to ensure generated molecules are valid.**®*® Self-referencing
embedded  strings  (SELFIES),® a  recently-proposed
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replacement for SMILES, is a robust string representation
where every SELFIES string corresponds to a valid molecule.
This representation led to the development of the STONED**
method for efficient and rule-free mutation and crossover
operations in chemical space. Shortly after, JANUS-GA*> was
introduced, it uses these genetic operators to enable inverse
molecular design that is competitive with deep generative
methods without the need for extensive training. In this work
we extend JANUS-GA to incorporate Pareto-awareness and apply
it to the discovery of novel melt-castable materials. We generate
55 940 molecules predicted to be melt-castable, 55 745 of which
are not reported in the PubChem?®? or CAS SciFinder® databases
and are likely new.

2. Methods
2.1 Data

We compiled a large dataset of experimental melting tempera-
tures (T,,), boiling temperatures (7},), decomposition tempera-
tures (74) and vapor pressures (P,) for known CHNOFCI
materials. Data sources include the PHYSPROP database,** the
Jean-Claude Bradley Open Melting Point Dataset (JB OMPD),*
and decomposition temperature data published in open liter-
ature,”®*” see details in Table 1.

For all molecules, SMILES strings were canonicalized using
RDKit.**> We removed cocrystals/mixtures and molecules with
radicals. Duplicates were identified, and for multiple
measurements of the same property, the median was used for
training. We use the log;, of the vapor pressures to account for
the fact that the values span several orders of magnitude (10 *°
to 10°), this is consistent with previous works.?**°

2.2 Property prediction model design

The multi-task (MT) ML model for property prediction was
developed using the chemprop framework,*>** an implementa-
tion of a directed message-passing neural network (D-MPNN)
for predicting properties from the molecular graph. To eval-
uate the model performance, we use a 5-fold cross-validation
scheme. Specifically, we trained five separate models (one for
each fold) and assessed the performance of each model on
a corresponding test set that was not used in its training. Upon
deployment, the models are used as an ensemble where the
prediction is taken as the mean of the five models, and the
uncertainty is the standard deviation. The values for each
property are scaled using a standard scaler before training to
address the fact that the properties have different ranges of
magnitude. Hyperparameters were optimized minimally by

Table 1 Summary of property data obtained from literature

Property (units) Number of datapoints

Melting temperature, Tp, (K)**?° 22015
Boiling temperature, T, (K)** 4476
Vapor pressure, P, (mmHg)** 2166
Decomposition temperature, Ty (K)***’ 637

© 2026 The Author(s). Published by the Royal Society of Chemistry
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adjusting the size of the network and other training details for
the D-MPNN are provided in Table S1 of the SI. Similar models
built with this framework have proven successful for these
properties in previous works.?*7%

2.3 Genetic algorithm for molecule generation

The generative approach used in this work is built on the
JANUS-GA framework.” JANUS-GA is a GA designed for inverse
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objective function. We study different combinations of Pareto
front and single objective function as the fitness function and
for overflow down-sampling, both using a pre-trained MT D-
MPNN. The implemented Pareto-aware fitness evaluation is
described in Algorithm 1 below.

Algorithm 1: Pareto-Aware Fitness Evaluation in JANUS-GA

Input: Population of molecules with two property values and number of generations, G

Output: Final population of molecules

1 while (i < G) do

2 Identify 2-d Pareto front from current population p; and fit step function S
3 for each molecule x in population p; do

4 Compute Euclidean distance d to step function S

5 if x is within S

6 fitness(x) = -|d|

7 else

8 fitness(x) = |d|

9 end if

10 end for

11 Select top k molecules with highest fitness and generate new molecules n
12 Add new molecules to population, pix1 = pi + n

13 end while

molecular design, employing a parallel-tempering-inspired®”**
framework with two distinct populations: one for global explo-
ration and another for local exploitation. We describe the
algorithm briefly here and refer the readers to the original
publication®” and the SI for additional details. A fitness function
is used to evaluate the members of both exploration and
exploitation populations and the 5 top ranked individuals in
each population are shared. The explorative population is
subject to both mutation and crossover operations. This step
generates an “overflow of potential children” and uses a deep
neural network (DNN) to down sample molecules to maintain
a fixed population size. The exploitative population refines
promising molecular candidates using mutations based
primarily on molecular similarity. JANUS-GA leverages the
SELFIES molecular representation and the STONED algorithm
to generate new molecules,” bypassing the need for manually
defined structure-validation rules. We extended the JANUS-GA
for dual-property optimization using both the change in area
under the Pareto front and their combination into a single

© 2026 The Author(s). Published by the Royal Society of Chemistry

Using these modifications, we can push the 2D Pareto front
equally on all fronts or along a preferred region by combining
the two variables into a single objective function. This was
motivated by our observation in preliminary work where Pareto
optimization alone can lead to trivial solutions, Fig. S2 of the SI.
Also, we implemented functions for collecting ensemble
predictions from our MT D-MPNN models. The properties
predicted by the D-MPNN are used for identifying the Pareto
front and computing fitness functions for new molecules but
can also be used by the filters. Predictions come from the five
different models trained on each of the 5-folds during cross
validation. We record the mean and standard deviation of each
property across these models. Previous work found that using
a DNN to down sample the explorative population leads to
populations with higher median fitness.®” In this work, the DNN
is replaced with an objective function using actual predictions
from our ML models. In the original implementation of JANUS-
GA,” the DNN serves as a surrogate for the fitness function,
aiming to reduce the number of potentially expensive fitness
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evaluations by leveraging model predictions. In contrast, our
implementation uses the same ML model for both down-
sampling and fitness evaluation, resulting in no computa-
tional savings since the evaluation cost remains unchanged.
The source code for the modified JANUS-GA is available at
https://github.com/R-applet/JANUS and a summary of the
algorithm parameters used in this work is provided in Table
S2 of the SI.

3. Results

3.1 Property model performance

Fig. 1 shows the MT model predictions compared to the
experimental values for the testing data of each property. We
find that the model predictions for boiling temperatures (7},)
and vapor pressures (P,) are in exceptional agreement with
experiment with R> > 0.9. The model predictions for melting
temperatures (T},) are slightly less accurate with R* = 0.84 with
MAE and RMSE values comparable to previous works that
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looked at similar datasets for slightly different chemical
spaces.”*® We note that the performance of our model on
decomposition temperatures (T,) is poor with R* = 0.56. The
MAE and RMSE on Ty are consistent with previous reports on
this dataset.”® The limitation of our model reflects the data
scarcity and for experimental T4 data. In our usage of the model,
we are looking to maximize the decomposition temperature, not
try to predict a specific value, therefore the model predictions
are strong indicators for thermal stability. For these reasons, we
believe our model can be used to estimate both thermal stability
and volatility. The validation learning curves for each fold are
shown in Fig. S1 of the SI. Using this model to make predictions
on the materials within the experimental data used to develop
the model, we are able to fill the gaps for the measured prop-
erties. Screening this completed dataset, we identify 2532
known molecules predicted to be melt-castable. The list of these
materials and their associated predicted properties are provided
in the SI and experimental efforts to validate these predictions
would be highly valuable.

b.
MAE = 13.4 ‘
RMSE = 22.2 =
80071 Rz -70.03 . e
3
2600
o 10! £
e 3
o O
@ 400
o
2001
T T T T 10°
200 400 600 800
Experimental Tj (K)
d.
5.0
MAE = 38.3
7001 RMSE = 52.1 e e
R2 =0.56 . -y 8
= 4.0
¥ 600 1 i
By .
8 3.0 §
© 5001 S
@ 25
o
400 -
15
0+ v v ' ' 1.0
300 400 500 600 700

Experimental T4 (K)

Fig. 1 Parity plots for the test predictions across 5-fold cross validation for melting temperature (a), boiling temperature (b), vapor pressure (c)
and decomposition temperature (d). Each prediction corresponds to the model fold in which the data point was included in the test set, ensuring

strict separation between training and evaluation.
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3.2 Generation of molecules with high melt casting
potential

We use the modified JANUS-GA* to explore property spaces of
CHNO molecules to generate novel molecules with ideal prop-
erties for melt-casting. Specifically, we sought to find new
molecules that maximize the liquid stability range, minimize
the distance from the ideal melting temperature, and minimize
the volatility. The liquid stability range (ATjq), is the tempera-
ture interval between the predicted melting temperature and
whichever is lower, the predicted decomposition temperature or
the predicted boiling temperature:

ATyiq = min(7y,Tp) — T 1)

The distance from the ideal melting temperature (AT;,,) is
the absolute difference between the predicted melting temper-
ature and the provided ideal melting temperature (taken as 368
K, which is the midpoint between 343 K and 393 K):

ATim = |Tm - 368' (2)

To discover melt castable molecules, we explored two
approaches: (i) in the first we consider the Pareto front formed
by ATjq and ATy, (ii) the second approach considers vapor
pressure and ATjq and limits the search to desirable values of
AT,

3.2.1 Liquid stability range and ideal melting temperature.
In our first class of experiments (Pareto front formed by maxi-
mizing ATjq and minimizing AT;,) we initialized our pop-
ulation by selecting CHNO molecules from the combined
experimental dataset and require each molecule to contain
carbon, nitrogen, and oxygen. We first discuss the impact of the
use of Pareto front advancement vs. the single objective func-
tion for the fitness function and down-sampling. We performed
three tests: Pareto fitness and objective down-sampling (deno-
ted Pareto—-Obj), objective fitness and objective down-sampling
(denoted Obj-Obj), and Pareto fitness and random down-
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sampling (denoted Pareto-Rnd). The following objective func-
tion was chosen to favor molecules with low AT,

O = ATy — 3ATip. 3)

We evolved the population for 10 generations using a pop-
ulation size of 50 for both the exploitative and explorative
populations. Each GA experiment was repeated 5 times to
collect statistics. More details about the parameters of the GA
are summarized in Table S2 and the results for the sampling
experiments are shown in Section S4.1 of the SI. In all cases, we
discovered molecules that are highly thermally stable and push
the ATyiq and ATy, Pareto front. To track the performance of the
GA we plot the area under the Pareto front from each generation
(the area is normalized such that the area in generation 0 is 1),
see Fig. 2(a). We find that the Pareto-Rnd GA pushes on a wide
area of the Pareto front, while the Pareto-Obj and Obj-Obj GAs
are highly localized with AT;y, less than ~25 K. The advantage of
using the objective function for down-sampling is that we
generate more molecules that fall within the melting tempera-
ture range for melt-casting, as depicted by the fraction of melt-
cast candidates per generation in Fig. 2(b). Comparing the
Pareto-Obj GA to the Obj-Obj GA we find that the Pareto-Obj
GA results in a more converged Pareto front.

The results from the sampling experiments showed that the
Pareto fronts generated were not converged and that running
for more generations and larger generation sizes would
continue to drive the Pareto front. On the other hand, there are
hyperparameters of the GA that control the number of unique
generated molecules and consequently the convergence and
time for the GA to complete. We tested different hyper-
parameters of the JANUS-GA and evaluated how they influenced
the evolution of the population. Specifically, we tested 3
different generation sizes (50, 100, and 200), using 5 random
crossovers in the exploration population (default is 1), and 10%
of the generation size as the number of mutations and number
of random samples in the exploitation population (default is
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Fig. 2 Evolution of the area under the Pareto front for optimizing AT, and AT, (a) and Fraction of melt-cast candidates generated each
generation (b). The solid lines represent the mean, and the shaded region represents the standard deviation across 5 independent experiments.
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Fig. 3 Evolution of the area under the Pareto front for optimizing AT;q and AT, (@) and the distribution of AT, and AT;,, for CHNO molecules
from literature (grey) and generated (red) (b). The Pareto front for the initial population is represented by the cyan step function and the Pareto
front for the final population is represented by the lime green step function.

400 for each). For each experiment, we tracked the number of
unique molecules evaluated, unique molecules sampled in the
population, and melt-cast candidates generated. We also report
the wall time of each experiment. The results comparing the
custom hyperparameters to the defaults are recorded in Table
S3. Furthermore, we observed the distribution of each experi-
ment and displayed them in Fig. S5. The convergence by
comparing the evolution of the area under the Pareto front
across 25 generations displayed in Fig. 3(a) and the distribution
of ATjq and ATy, for the generated molecules from the most
converged GA is shown in Fig. 3(b). For this set of experiments,
the GA with a generation size of 200 and the default hyper-
parameters (1 random crossover in the exploration population
and 400 mutations and random samples in the exploitation
population) resulted in having the largest area under the Pareto
front, see Fig. 3(a).

Observing the distributions of ATy, and ATi, across the
hyperparameter experiments (Fig. S5), it is clear that using more
mutations/random samples for the exploitative population
leads to more points concentrated at the Pareto front. However,
the consequence of using more mutations/random samples is
that it generates a larger overflow of molecules and thus many
more evaluations and a longer wall time, as shown in Table S3.
We also note that even though more unique molecules were
evaluated, we found fewer unique molecules were used in the
population and typically less melt-castable candidates were
discovered (with exemption of the runs with a population size of
100). We attribute this to the fact that more molecules are near
the Pareto front and thus have high fitness leading to more
individuals that are kept in the population and not replaced. In
all cases, we are able to drive the Pareto front successfully and
discover a large number of melt-castable candidates.

3.2.2 Liquid stability range and vapor pressure. In our
second class of experiments (Pareto front formed by maxi-
mizing ATjjq and minimizing log,, P,), we

Digital Discovery

O = ATliq — 50 10g10 PV (4)

The results for the sampling experiments for this case are
shown in Section 4.2 of the SI. In all cases, we can discover
molecules with high thermal stability and push the Pareto front
between ATjq and logyo P,. In these experiments, we find the
Pareto-Obj and Obj-Obj GAs push the Pareto front much
further than the Pareto-Rnd GA, see Fig. 4(a). Furthermore, the
results for Pareto-Obj and Obj-Obj GAs are very similar for this
set of experiments. Again, we find the Pareto-Obj and Obj-Obj
GAs generate a larger fraction of melt-cast candidates per
generation compared to Pareto-Rnd, see Fig. 4(b). A clear
inverse relationship is observed between ATjq and log, P,
where materials with wider liquid stability ranges generally
exhibit lower vapor pressures, consistent with thermodynamic
expectations from the Clausius-Clapeyron relation.'® The
strong underlying correlations between ATy and log;, P, makes
this a much simpler optimization problem than optimizing
ATiyiq and ATj,. This explains why the difference between
a Pareto-Obj driven GA and Obj-Obj driven GA is much less
noticeable for the ATj;q and logy, P, Pareto front. Furthermore,
the Pareto-Rnd driven GA struggles to push the ATj;q and log,o
P, Pareto front because it is not taking advantage of the strong
correlations.

The results from the sampling experiments showed that the
Pareto fronts generated were not converged and that running
for more generations and larger generation sizes would
continue to drive the Pareto front.

Similar to the previous set of experiments, we studied the
hyperparameters and their effects on the evolution of the Pareto
front. The results comparing the custom hyperparameters to
the defaults are recorded in Table S4. Furthermore, we observed
the distribution of each experiment and displayed them in
Fig. S6. The convergence by comparing the evolution of the area
under the Pareto front across 25 generations displayed in
Fig. 5(a) and the distribution of ATy, and log;, P, for the

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 Evolution of the area under the Pareto front for optimizing AT;q and log;q P, (a) and fraction of melt-cast candidates generated each
generation (b). The solid lines represent the mean, and the shaded region represents the standard deviation across 5 independent experiments.

generated molecules from the most converged GA is shown in
Fig. 5(b). For this set of experiments, the GA with a generation
size of 200 and the custom hyperparameters (5 random cross-
overs in the exploration population and 20 mutations and
random samples in the exploitation population) resulted in
having the largest area under the Pareto front, see Fig. 5(a).
Observing the distributions of ATj;q and logy, P, across the
hyperparameter experiments (Fig. S6), again we find that using
more mutations/random samples for the exploitative pop-
ulation leads to more points concentrated at the Pareto front.
Again, this corresponds to a larger overflow of molecules, more
evaluations, and a longer wall time, as shown in Table S4.
Consistent with the previous set of experiments, despite more
unique molecules being evaluated, we found less unique
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molecules were used in the population and less melt-castable
candidates were discovered. In all cases, we are able to drive
the Pareto front successfully and discover a large number of
melt-castable candidates.

4. Discussion

Across the populations in all simulations, we generated 62 082
unique molecules and 55 940 of these have predicted thermal
stability and volatility to be considered a potential melt-castable
material. From the 55940 molecules, 195 were found to have
been synthesized by searching PubChemPy,'** CIRpy'® and
SciFinder.** We emphasize that these 195 molecules were not in
the training set or initial population. These molecules confirm
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molecules from literature (grey) and generated (red) (b). The Pareto front for the initial population is represented by the cyan step function and
the Pareto front for the final population is represented by the lime green step function. All molecules plotted have a predicted melting

temperature between 343 K and 393 K.
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that our generative approach can discover real, synthesizable,
molecules. Using SciFinder,”® we obtained experimental
melting temperatures for 58 of the 195 rediscovered molecules
and plotted them against the model predictions in Fig. S7 of the
SI to provide further validation of the model accuracy on unseen
molecules. We find that the vast majority (51/58) of predictions
fall within the model's test set RMSE (see Fig. 1). Importantly,
61% of these molecules had experimental melting temperatures
within the range to be melted via steam heating. This is further
evidence that the model predictions are within the expected
error.

The remaining 55 745 molecules have not been previously
reported, based on our searches using PubChemPy,*** CIRpy'*
and SciFinder.”* To characterize the molecules generated, we
computed the maximum Tanimoto similarity'® of each new
molecule to an extensive set of known molecules®*'** and also
computed the synthetic accessibility score (SAscore).'® The
SAscores can be interpreted as 1 being “easy to make” and 10
being “very difficult to make” with the authors suggesting that
molecules with SAscores greater than ~6 are difficult to
synthesize.'® Fig. 6 we shows these values for the novel melt-
cast molecules we generated.

Molecules with high similarity and low SAscore are classified
as high priority candidates, as they are likely synthetically
accessible and may follow similar synthetic routes to known
compounds. Molecules with low similarity and low SAscore are
considered low priority because they are still likely synthetically
accessible but may require additional effort to determine viable
synthesis pathways. Molecules with SAscore values above 6 are
labeled as difficult due to their synthetic complexity and are
unlikely to be pursued further. We provide further comparisons
of the distributions of maximum similarity and SAscore for the
novel generated melt-cast candidates and the rediscovered

Generated Melt-Cast Candidates
0oy = T
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. o | 1595 (2.9%) Nov,el
ot = Rediscovered

2 9 9 9 B,
o N ® © o
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Unlikely
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Fig. 6 Distribution of maximum similarity and synthetic accessibility
score (SAscore). The green region contains novel molecules with high
similarity and low SAscore, indicating they are likely easy to synthesize
with a potentially known synthesis route. The yellow region contains
novel molecules with low similarity and low SAscore, indicating they
are likely easy to synthesize but a relatively unknown synthesis route.
The red region contains molecules with high SAscore that are likely
hard to synthesize.
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molecules in Fig. S8 of the SI. Shown in Fig. S8(a), the novel
generated molecules display much lower maximum similarity
scores with a mean less than 0.4, which has been used in prior
works to indicate the novelty of generated molecules.®”” This
suggests that many of the generated melt-cast candidates are
indeed novel with strong chemical distinction from known
molecules. Shown in Fig. S8(b), the SAscores of the novel
generated molecules are shifted higher (mean ~ 3.5) than the
rediscovered (mean ~ 2) but we still find that 98.3% are below 6
indicating the vast majority are likely to be synthetically
accessible.

We note that recent work using the JANUS-GA to explore
molecules with high crystal heat of formation (AH;s) and crys-
talline density (p), found that generated molecules had a distri-
bution of SAscores shifted much higher (mean ~ 6) than what
we observe in Fig. 6 and S8.'° We speculate that because our
optimization was focused on generating thermally stable
molecules this may have correspondingly resulted in molecules
with lower SAscore.

5. Conclusion

We developed a multi-task D-MPNN to predict fundamental
properties (melting temperature, boiling temperature, decom-
position temperature and vapor pressure) from the molecular
graph. We deploy this model to screen known molecules and fill
the gaps in the experimental data where we identify 2532 melt-
castable candidates based on thermal stability and volatility.
We extend an existing genetic algorithm for dual-property
optimization by implementing modifications for computing
the Pareto front between two properties and use a distance
metric as the fitness function. Deploying our model within this
generative framework we discovered 55 745 novel melt-castable
candidates, the majority of which display SAscores that suggest
they can be synthetically accessible. This workflow can be
readily adapted to other material properties and optimization
problems. Future efforts should investigate Pareto optimization
in higher-dimensional property spaces (i.e., for n > 2) to extend
beyond dual-objective fronts.
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are available at GitHub https://github.itap.purdue.edu/
StrachanGroup/MeltCastExplore with DOI; https://doi.org/
10.5281/zenodo.18474595. The source code for the modified
JANUS-GA is available at GitHub https://github.com/R-applet/
JANUS with DOI; https://doi.org/10.5281/zenodo0.18474741.
The resulting 43 melt-cast materials from surveying
experimental data, the 2532 ML screened melt-cast materials,
and the novel generated melt-cast candidates with the
corresponding predicted properties are provided along the
manuscript as supplementary information (SI). A graphical
user interface allowing users to make predictions and
visualize the data is freely available at nanoHUB at https://
nanohub.org/tools/mcexplorer with DOI; https://doi.org/
10.21981/TTDN-JB78.
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