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lonic liquids (ILs) are salts that are liquids at ambient conditions (typically below 373 K) and are known for
their many unique properties, including low volatility and high thermal stability. Despite the promise of
ILs, their targeted design is challenging for several reasons, including (i) the vast number of candidate
ions that could be synthesised as components of an IL, (i) the lack of predictive methods to determine
what ion combinations will yield ILs with desired melting points, and (iii) experimentally known ILs
possess limited chemical diversity. In this work, we present a data-driven framework for designing novel
low-melting-point ILs. We model ILs as bipartite graphs and apply a link prediction algorithm to identify
promising cation—anion pairs, expanding the collected IL database more than 30-fold, while prioritising

low melting points. To further explore chemical space, we trained variational auto-encoders (VAEs) to
Received 27th June 202 t IL candidates through learning a latent that enabl delling the data distributi
Accepted 20th January 2026 generate new IL candidates through learning a latent space that enables modelling the data distribution.

A thermodynamics-inspired classification model is subsequently employed to filter out ILs predicted to

DOI: 10.1039/d5dd00282f melt above 373 K. Finally, molecular dynamics simulations validate our approach, confirming that 18 out
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1 Introduction

Ionic liquids (ILs) are liquids composed entirely of ions, and of
particular interest are ILs with low melting points (typically
below 373 K).* ILs often exhibit a range of unique properties,
including high thermal stability, negligible vapour pressure,
non-inflammability, and wide electrochemical windows.*>* More
intriguingly, by combining different cations and anions, the
properties of ILs can be tailored for specific applications,
making them highly versatile.* As such, ILs have emerged as
promising alternatives to conventional organic solvents.>®
Beyond their use as solvents, ILs have also found application as
functional materials in various domains, including batteries,”
pharmaceuticals,® and catalysis.’

Due to the extensive range of possible cation-anion combi-
nations, the chemical space of ILs is vast, and therefore it would
not be possible to screen all possible ILs experimentally.
Further, the complex, and often non-linear, structure—property
relationships limit the utility of design rules for informed IL
design, and frequently means that experiments are performed
in a trial-and-improvement manner. Computational design
methods provide a tractable alternative to experimental efforts.
The computational design of ILs typically involves two key
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of 20 generated ILs have melting points below 373 K.

components: proposing new IL systems and developing models
to calculate their properties. A straightforward method for
constructing IL systems is via high-throughput screening and
candidate enumeration. Here, new combinations of known
cations and anions are enumerated, resulting in a large number
of possible ILs."»"> To further expand the IL chemical space,
some studies decompose cations and anions into cores and
substituents (for example, side chains) and recombine them to
create new structures.”*® These approaches allow the creation
of extensive IL libraries, which can then be screened using
conventional simulations or property prediction models.

Two widely used methods for calculating IL properties are
density functional theory (DFT) and molecular dynamics (MD)
simulations. Although these techniques can provide accurate
results, such calculations are typically computationally expen-
sive and often unsuitable for high-throughput screening.
Recently, machine learning (ML) models have emerged as an
efficient alternative for IL property prediction.>**** These data-
driven models can learn structure-property relationships from
data, and predict various IL properties, such as melting
point,>**** viscosity,”>* heat capacity,”” and CO, solubility.”®**
By combining IL construction strategies with property predic-
tion models, there is the potential to identify ILs optimised for
specific applications.

Despite the promise of property prediction models, the IL
chemical space in the aforementioned workflows is limited, as
ILs are constructed by combining existing cations and anions or
manually combining different molecular substituents onto
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Fig. 1 Collected IL database visualisation. Each point in the figure represents a cation—anion combination found in the collected IL database.
Among the most frequently occurring anions are [NTf,]~ and Br—. The most common cations include [bmim]*, [Pg 66,14, [emim]*, and [Ch]™.
The structures of these cations and anions (excluding Br™) are displayed at the bottom.

ions. In recent years, generative ML models have emerged as
a powerful tool for exploring chemical space.**** The goal of
generative models is to create new samples that closely
resemble existing ones.** Variational auto-encoders (VAEs) are
among the most popular generative methods. In VAEs, input
data is encoded into a latent space that follows a normal
distribution, and the decoder reconstructs the data from the
latent space. These models have been widely applied to
molecular generation, with examples including ChemicalVAE,*
GraphVAE** and JT-VAE.*® These VAEs can efficiently learn
smooth, continuous latent spaces that capture molecular
features, enabling the generation of novel, diverse, and valid
molecular structures. Yet, these VAEs are mainly focused on
small, organic molecules, for which there are extensive datasets
available. Applying VAEs to molecular materials like ILs poses
significant challenges, particularly due to data scarcity. Indeed,
the number of known ILs is limited. For instance, the NIST
ILThermo database®® contains only ~3000 unique ILs, far fewer
than the 10 000 examples typically required to train robust VAE
models.*” Furthermore, IL datasets that include experimental
properties are even scarcer. This greatly hinders the develop-
ment of robust ML models for accurate IL property prediction.

There are several methods that have been introduced to
address the issue of data scarcity. For example, Liu et al.***°
employed particle swarm optimization to simultaneously opti-
mise a property prediction model and a VAE. They introduced
a normative score to guide the VAE towards generating valid ILs
and a property score to conditionally generate ILs with desired
properties. However, this approach does not fully resolve the
data scarcity issue, as no additional data or external informa-
tion is introduced into the workflow. As a result, the IL chemical
space to be explored will remain fairly limited. Another strategy
to mitigate the data scarcity issue is transfer learning. Specifi-
cally, since large datasets of general organic compounds are
available, the VAE model can be pre-trained on such datasets
and then fine-tuned using the smaller IL datasets. However,
Beckner et al.*® found that while transfer learning improves the
generation of valid molecules, the dominance of neutral organic
compounds in the training data reduces sample efficiency, as
the majority of generated molecules are neutral, not the desired
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ions. Furthermore, neither the optimisation-based nor the
transfer learning methods typically explicitly consider the
melting points of generated ILs. As a result, they do not guar-
antee the production of ILs with low melting points, limiting
practical application. In addition to post-processing and
transfer learning, data augmentation is another commonly
used technique to address data scarcity. For ILs, a straightfor-
ward approach is to combine all available cations and anions to
expand the dataset, given the sparsity of existing cation-anion
pairs (Fig. 1). However, not all of these combinations would
produce ILs with low melting points. For example, the salt,
NaCl, composed of Na* as the ‘IL cation’ and CI~ as the ‘IL
anion’ has a melting point up to 801 °C, which is far from that of
typical ILs. Another problem with all combinations is the low
training efficiency. The training examples will increase signifi-
cantly, while the unique ion structures do not increase. Addi-
tionally, the generated examples will include many high-
melting-point cation-anion combinations.

Here, we proposed a link prediction method to address the
issue of data scarcity in using VAEs for IL generation. We
formulated the task of identifying suitable cation-anion pairs
as a link prediction problem, which predicts whether two nodes
in a network are likely to be connected.” In the IL scenario, this
task aims to identify new cation-anion combinations that are
likely to form low-melting-point ILs. Using this method, we
generated over 250000 new cation-anion combinations,
expanding the collected database more than 30-fold. A VAE was
then trained on the expanded IL database, and achieved good
performance in terms of novelty, validity, uniqueness, and
reconstruction accuracy. However, the generated ILs are not
inherently guaranteed to have low melting points. To address
this, we developed a thermodynamics-based classification
model to filter out undesirable systems likely to have melting
points above 373 K. Finally, we validated the expanded ILs from
link prediction and the generated ILs from the VAE by per-
forming MD simulations to calculate their melting points. The
results showed that the IL samples from both link prediction
and the VAE exhibited low melting points, with most below 373
K, demonstrating the effectiveness of our workflow.

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

Our workflow for low-melting-point IL generation is shown in
Fig. 2. First, we collected ILs from both the literature and open-
source databases. These ILs were then expanded into a much
larger dataset using a link prediction model, which enhanced
the robustness of a VAE model for generating novel, valid, and
diverse ILs. Next, a melting point classification model was
employed for post-filtering. Finally, the generated ILs were
validated through MD simulations. The data and code are
available at https://github.com/fate1997/ILGen-overall.

2.1 Data set construction

To construct a large and diverse IL dataset, we extracted IL
structures from the NIST ILThermo database*® and several
previous publications.**™*¢ All IL data points were standardised
using canonical SMILES strings, and duplicates were removed.
The collected database comprises 7508 unique ILs, featuring
3223 unique cations and 510 unique anions. While not all the
ILs in the database are low-melting-point ILs, all IL data points
were preserved to ensure a large and diverse chemical space for
IL design. Moreover, as shown in the melting point distribution
(Fig. S1), the database still exhibits relatively low melting points,
with a mean value of 361 K, which is lower than that of typical
salts. In this work, melting point considerations were addressed
after the generation process.

2.2 Link prediction model to expand IL chemical space

The distribution of cations and anions in the collected IL
database is illustrated in Fig. 1. Each data point indicates
a cation-anion combination present in the collected database.
From this figure, it is evident that the collected database
exhibits significant sparsity, with only a few cations and anions
appearing frequently. Among anions, Br~ and [NTf,]” are the
most common, while for cations, [bmim]’, [Pee614] , [emim]’,
and [Ch]" are the most common (the structures of these
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common ions are shown in Fig. 1). Nearly half of the collected
database (3100 out of 7507) contains one of these common ions,
while other cations and anions are heavily underexplored. To
address this imbalance, we developed a link prediction model
that aims to find the most plausible -cation-anion
combinations.

Link prediction aims to identify potential links based on
existing ones. In the context of ILs, a link could be interpreted
as a cation-anion combination that can form an IL. As shown in
Fig. 2, we constructed a bipartite graph using the cations and
anions in the collected IL database as heterogeneous nodes. We
used extended-connectivity fingerprints (ECFP) descriptors*” as
the initial node embeddings. Then, a graph neural network
(GNN), GraphSAGE,*® was applied to update the node embed-
dings iteratively. The computation process of GNNs consists of
two main phases: (i) an aggregation phase to gather information
from node neighbours, and (ii) an update phase to update node
embeddings according to the gathered information. In the
GraphSAGE model, the node embeddings are updated through:

x; = Wix; + Womean;e v X, ®

where W,, W, are trainable parameters, and x;, X;e R are node
embeddings with d dimensions.

By stacking multiple GNN layers, nodes can incorporate
information from increasingly distant neighbours, enriching
their representations. To determine the likelihood of a cation-
anion pair forming an IL, we computed the dot product simi-
larity of their updated embeddings, followed by a Sigmoid
activation function to output a probability:

8 = 0 (xiTXj)s (Z)

where s;; is the score indicating whether there is a link between
node i and node j, and ¢ is the Sigmoid function (x) = 1/(1 +e ).

Before training, we split the existing links into training,
validation, and test sets with a ratio of 85:5:10. Negative
samples were generated by randomly selecting non-existent
links. To ensure a balanced dataset, the number of negative

Variational auto-encoder

Generated ILs

f Cation ? ——
= Decoder
’ ) \ 4
Collected ILs Expanded ILs ‘Melting point
(~7Kk) (~ 261k) classification
GRU
Encoder
Y
Generated

Low-melting-point ILs

Fig.2 Workflow for IL generation. The process begins with a collected IL database containing 7508 data points. A link prediction model expands
this database by generating new cation—anion combinations, increasing its size to 262 076 data points. These expanded data points are then
used to train and evaluate a VAE model to generate novel ILs. The generated ILs undergo post-filtering using a melting point classification model,
which removes generated samples featuring predicted melting points above 373 K. The remaining ILs are considered the final set of generated

low-melting-point ILs.
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samples is equivalent to the number of existing links. Note that
the non-existent links may include combinations capable of
forming ILs, but this probability is likely low, given the very
small ratio of existing ILs to non-existent ILs (0.4%). During
training, we optimised the GNN using cross-entropy loss
between the predicted probabilities and the true link labels. We
set the number of training epochs to 100, and used the Adam*®
optimiser with a learning rate of 0.01 to optimise the model
parameters. To expand the collected IL database as much as
possible, we conducted multiple iterative training rounds. In
each round, the newly predicted links were added to the existing
links, progressively increasing the database.

2.3 VAE generation

We trained a VAE to generate novel ILs. A VAE is composed of an
encoder and a decoder. The encoder processes the input data
and maps it to a latent representation, which follows a normal
distribution. The encoder will first calculate a mean u and
a variance ¢, and then calculate the latent representation by
using the reparameterization trick:

z=u+o-e (3)

where ¢ ~ A/(0,1). The decoder then reconstructs the input data
from the latent representation. After training the VAE, we can
generate new data by sampling random noise from a standard
normal distribution and passing it through the decoder.

Here, we applied gated recurrent units (GRUs) for both the
encoder and the decoder. SMILES strings are used to represent
the cations and anions that comprise the ILs. First, we built
avocabulary by collecting the unique characters from the SMILES
strings in the database and adding special tokens (i.e., start, end,
and padding). Each SMILES string can be encoded to a series of
integers that represent the indices of characters in the vocabu-
lary. These integer sequences are padded to a maximum length of
256 to ensure uniform input size and are further projected to
high-dimensional embeddings by an embedding layer. The GRU
encoder takes these embeddings as inputs. Here, the encoder
and decoder each consist of three GRU layers, and the dimension
of the latent representations is set to 128.

The training objective of a VAE is to maximise the evidence
lower bound (ELBO) which consists of two components: the
reconstruction 10ss Zgecon to regulate the recovered data to be
close to the initial input data, and the Kullback-Leibler (KL)
divergence to encourage the latent representation follows
a standard normal distribution. To stabilise the training
process (specifically to avoid the KL vanishing), we adopted the
loss function from Fu et al.:*

¢ = E)Recon + BQZ)KLv (4)

where § is dynamically adjusted during training according to
a cyclic annealing schedule. The scheduler repeats the anneal-
ing process multiple times. One annealing process means
increasing @ from an initial value to a maximum value and then
staying at the maximum value for several epochs. We set the
initial 8 equal to 0 and the maximum to 0.0025 in this work. The
ratio of the number of epochs for increasing g is set to 0.7. The

646 | Digital Discovery, 2026, 5, 643-652

View Article Online

Paper

number of cycles is set to 5, and the total number of epochs is
set to 100.

2.4 Melting point classification

Since neither the link prediction model nor the VAE prediction
model explicitly considers the melting point, the generated ILs
may not necessarily be low-melting-point ILs. To develop a post-
filtering model based on melting point information, we used
the IL melting point database from Venkatraman et al>.
Notably, that database was compiled from diverse sources, and
some data points may be approximate. However, since our study
here focuses solely on melting point classification, no addi-
tional data cleaning was performed. This database contains
2208 ILs labelled by their melting points, and was used to train
a linear classification model capable of distinguishing between
low-melting-point ILs and higher melting systems. In this
model, we first labelled the data in the IL melting point data-
base as 1 if the melting point is below 373 K and 0 otherwise.
Instead of relying on standard descriptors like ECFP, we care-
fully selected three specific descriptors known to have a strong
correlation with the melting point of ILs. These three descrip-
tors are the lattice Gibbs energy,* the solvent-accessible surface
area (SASA), and molecular flexibility based on functional group
counts.” These descriptors are closely related to the Gibbs free
energy of fusion and play an important role in determining the
melting points of IL. Further details can be found in Section S2
of the SI.

2.5 MD validation

We used MD simulations to validate the melting point classi-
fication model and verify that the novel ILs possess melting
points lower than 373 K. We modified the workflow from Karu
et al.>* to achieve a highly automated MD workflow. In the
original workflow, the initial configuration of IL systems was
generated using Packmol.>® Then the solid phase structures
were generated with the help of eight predefined coulombic
potential wells and six NVT simulations, corresponding to two
types of ionic lattices and four lattice vector ratios. Annealing
simulations were then performed from 175 K to 475 K using
GROMACS software.*® Finally, the melting point was obtained
by a regression analysis of the diffusion coefficient, which was
estimated from the mean square displacement for every
consecutive 10 ps. While this duration is insufficient to obtain
accurate diffusion coefficients, this approach can reveal the
relative change in the diffusion coefficient during annealing,
and the melting point can be identified as the intersection of
the fitted lines. In our revised workflow, the input data consists
of a series of generated SMILES strings. First, we converted the
SMILES string into a 3D structure using XTB calculations.®
Next, the input files for GROMACS were generated using the
Sobtop package.*® To enhance the method's performance in the
high-melting-point region, we increased the equilibration time
before beginning the annealing simulations and raised the final
temperature to 600 K. We used the General AMBER Force Field
(GAFF)* for the MD workflow, as it has previously been
successfully applied to ILs.*® During annealing simulations,

© 2026 The Author(s). Published by the Royal Society of Chemistry
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approximate self-diffusion coefficients (D) were recorded and
analysed by plotting InD versus 1/T. Assuming Arrhenius
behaviour with a constant diffusion activation energy within
each phase,** two linear regimes corresponding to the solid
and liquid states were identified. The intersection of these
regimes was taken as the melting temperature.® Further details
of the MD validation process are provided in Section S3 of the
SI. The code for the MD simulation is available at https://
github.com/fate1997/MDA4IL.

3 Results and discussion
3.1 Link prediction

To progressively grow the collected IL dataset, we conducted
seven iterations of training and evaluation for the link predic-
tion task. The performance of the link prediction model was
measured by accuracy and the area under the receiver operating
characteristic curve (ROC-AUC), which indicates how well the
model distinguishes between positive and negative links, with
higher values meaning better performance. Performance
metrics and the number of predicted links in each round are
shown in Fig. 3a and b, respectively. The model demonstrated
consistently strong performance during the first five rounds,
achieving an accuracy of approximately 0.90 and an ROC-AUC of
around 0.95. There is a plateau in the number of predicted links
after the fifth round, Fig. 3b. This slight decrease in perfor-
mance suggests that five rounds are optimal for expanding the
IL dataset; this balances both high predictive performance and
affords a substantial increase in predicted links. The collected
database contained only 7508 ILs, but after five rounds of link
prediction, this number expanded significantly to 262 076. To
further analyse the dataset expansion, we visualised the
frequency of occurrence of cations and anions in both the
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Fig. 3 Performance of the link prediction between cations and anions.
(@) ROC-AUC and accuracy metrics across multiple rounds. (b) The
number of predicted links over rounds. (c) Frequency distribution of
cations in ILs before and after link prediction. (d) Frequency distribution
of anions in ILs before and after link prediction. The ion IDs for the
expanded ILs and collected ILs are ordered independently by
frequency of occurrence.
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collected and expanded IL datasets, Fig. 3c and d. In the
collected IL database, the distributions of cations and anions
were highly imbalanced, with only a few species being domi-
nant. After expansion, the distributions became more uniform
while still maintaining a trend similar to the collected dataset.

To further validate the performance of the link prediction
model, we randomly selected 10 ILs predicted by the model and
conducted MD simulations to calculate their melting points. As
shown in Fig. 4 and S6, 6 out of the 10 new ILs had predicted
melting points less than 373 K, while a further 3 had melting
points near 373 K (within 15 K deviation). Only 1 of the 10 ILs
had a relatively high melting point (560 K). These results
demonstrate that the link prediction approach is an effective
method for identifying potential cation-anion combinations
with low melting points, even without a filtering step to check
the melting point prediction. This effectiveness can be attrib-
uted to the ability of GNNs to capture and transfer knowledge
across different nodes, enabling the link prediction model to
recognise intrinsic patterns that determine whether a cation-
anion combination can form an IL. Finally, the expanded IL
database (virtual database) contains a large number of ILs with
low melting points, which is essential for training an effective
generative model for IL generation.

3.2 VAE generation

In this work, we represent an IL as an SMILES string in the
format “{cation}.{anion}”. The expanded ILs serve as inputs,
which are expressed as SMILES strings. The performance of
generative models can be assessed using four key metrics: val-
idity, uniqueness, novelty, and reconstruction accuracy. Validity
measures the percentage of sampled molecules that are
syntactically correct, meaning they follow proper SMILES
grammar and can be parsed by RDKit.*® Novelty is defined as the
percentage of valid molecules that do not appear in the training
dataset. Uniqueness refers to the proportion of valid molecules
that are distinct, without duplicates in the sampled set. In this
study, we randomly sampled 10 000 ILs for evaluation. Unlike
the above metrics, reconstruction accuracy is assessed based on
the test set. It represents the percentage of SMILES strings from
the test set that the model can successfully reconstruct. To
evaluate the reconstruction accuracy of the VAE model, we
excluded 10% of the total data points for use as a separate test
set.

Here, we evaluate the generation performance of the VAE
model using three different input datasets: the collected IL
database (VAE-collected), the expanded IL database generated
through link prediction (VAE-link), and a dataset containing all
possible cation-anion combinations (VAE-all). The results are
summarised in Table 1. The VAE-collected model demonstrates
high novelty but suffers from low validity and reconstruction
accuracy. This limitation arises because of the small dataset,
making it challenging for the VAE model to learn the correct
SMILES grammar effectively. In contrast, the VAE-all model
exhibits strong performance in terms of validity, uniqueness,
and reconstruction accuracy, but has very low novelty, indi-
cating that most generated ILs are already present in the
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Fig. 4 Subset of the novel ILs from (a) link prediction and (b) VAE. Each sampled IL is labelled with its MD-estimated melting point, and the ILs are
sorted by their MD-estimated melting points. Only ILs with estimated melting points below the threshold of 373 K are shown. Additional results
are provided in Fig. S6 and S9, where 4 out of 10 ILs from link prediction and 2 out of 20 ILs from VAE exceed the 373 K threshold (mostly only by

a narrow margin).

training dataset. Among the three models, VAE-link performs
well across all metrics, showing strong validity and recon-
struction accuracy. The high validity and reconstruction accu-
racy of the VAE-link model suggest that this model effectively
learns the correct SMILES grammar, enabling the generation of
valid molecular structures. However, the novelty of the VAE-link
is slightly lower than that of the VAE-collected, primarily
because the expanded IL database does not introduce new ion
structures. Despite this minor decrease in novelty, the VAE-link
model excels in sample efficiency, defined as the number of
novel valid ILs generated among all the sampled SMILES

Table 1 IL VAE molecular generation performance. The VAE-
collected and VAE-all models are VAEs trained on the collected
experimental IL database and the exhaustive set of cation—anion
combinations, respectively. The VAE-link model is trained on the
expanded ILs from link prediction. "Recon.” refers to reconstruction
accuracy

Model Data points ~ Validity =~ Unique Novelty Recon.
VAE-collected 7507 31% 95% 89% 11%
VAE-all 1640507 97% 100% 10% 93%
VAE-link 262076 84% 99% 78% 90%

648 | Digital Discovery, 2026, 5, 643-652

strings. It significantly outperforms both the VAE-collected and
the VAE-all in this regard, demonstrating its effectiveness in
generating diverse and novel IL structures.

3.3 Post filter and MD validation

To maintain the diversity of generated ILs from VAE-link, we did
not restrict the training examples to low-melting-point ILs.
Instead, we applied a postfiltering step using a melting point
classification model. This model was trained on the IL melting
point database,” with 80% of the data used for training and the
remaining 20% for testing. We found that a simple linear model
performs well on this task when using carefully selected descrip-
tors, including lattice Gibbs energy, flexibility, and SASA, which are
essential in determining melting points (as shown in Section S2 in
the SI). The melting point classification model achieves an accu-
racy of 81%, a recall of 87%, and a precision of 84%. This
performance is comparable to, and in some cases better than,
previously reported ML-based classification models.”* These
results indicate strong generalisability, likely due to the simplicity
of the model and its grounding in physical principles. This gene-
ralisability is crucial for effectively filtering the generated ILs.
Using the melting point classification model, we divided the
generated ILs from the VAE-link model into two categories:

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 t-SNE plots of (a) low-melting-point ILs (<373 K) and (b) high-
melting systems (>373 K) in both the generated and collected IL
datasets.

generated low-melting-point ILs and generated high-melting
systems. To compare the distribution of generated ILs with
the collected ILs, we selected 2000 novel generated ILs and 2000
ILs from the collected database.” We then computed the ECFP
features for both sets and applied ¢-SNE to reduce the dimen-
sionality for visualisation. As shown in Fig. 5a, the chemical
space of the generated low-melting-point ILs largely overlaps
with that of the collected ones, indicating that the generated
low-melting-point ILs are more diverse, while still covering the
original distribution. In contrast, the chemical space visual-
isation of higher melting systems (Fig. 5b) shows that the
number of generated higher melting systems (175) is signifi-
cantly smaller than that of the collected higher melting systems
(875). Furthermore, 90% of generated ILs are classified as low-
melting-point ILs. These results suggest that the expanded IL
dataset enhances the diversity of generated ILs while ensuring
a preference for those with low melting points.

We employed MD simulations to estimate the melting points
of novel ILs. To validate the MD workflow, we tested it on 20 ILs
with experimentally known melting points (ranging from 246 K
to 421 K) and found it aligns well with the experimental values
(Fig. S5). We then extended the simulations to additional ILs,

© 2026 The Author(s). Published by the Royal Society of Chemistry
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including newly expanded and generated ones. Representative
figures illustrating the determination of melting points are
presented in Fig. 6. The melting points were identified as the
intersection of the fitted solid-phase and liquid-phase lines. All
the plots to determine the melting point are shown in Section S4
and S5 in the SL

We randomly selected 20 generated ILs from the VAE-link
model and estimated their melting points using the MD work-
flow. The structures and predicted melting points of 10 gener-
ated low-melting-point ILs are shown in Fig. 4, with more
examples provided in Fig. S9. Our analysis shows that the
generated ILs exhibit low melting points, with 18 out of 20
classified as low-melting-point ILs (melting points below 373 K).
The remaining 2 ILs have melting points (385 K) slightly above
this threshold, but do not exceed it significantly. The average
melting point of the 20 generated ILs is 339 K, which is lower
than the average melting point of the IL melting point database
(361 K). Several factors contribute to these results. First, the link
prediction model effectively identifies combinations of cation-

(@)

In(D/cm?-s71)

o

|
=

In(D/cm? - s71)

Fig. 6 The roughly approximated diffusion coefficient (D) depen-
dence on temperature (T) during annealing simulation for ILs from (a)
link prediction and (b) VAE-link. These figures illustrate how MD
simulations determine melting points. Two straight lines are fitted to
the solid-phase and liquid-phase regions to maximise the sum of their
respective R? values. The intersection of these lines represents the
solid-to-liquid phase transition, with the corresponding temperature
defining the melting point.
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anion that are likely to have low melting points. Second, the VAE
model generates structures similar to those in the input dataset,
ensuring that the produced cations and anions resemble those
found in the collected IL database. Third, the melting point
classification model accurately differentiates between low-
melting-point ILs and higher melting systems by leveraging
thermodynamic knowledge.

The low melting points of the newly designed ILs (both from
link prediction and VAE) can be rationalised based on the
intermolecular interactions between ion pairs. In particular,
localised and directional interactions, such as hydrogen bonds,
tend to lower melting points significantly.®® For example, ILs
composed of imidazolium cations and amide anions (IL 9, 10,
15 in Fig. 4) exhibit extensive hydrogen-bond networks
involving C-H and N-H bonds, which explains their low melting
points.”” Hydrogen bonding is also present in IL examples 1, 3—
8, 11-14, also contributing to reduced melting points.®*"*
Another key factor is the anion size: larger anions weaken ion-
ion interactions, which also leads to lower melting points.*>”*
Large anions are observed in IL examples 1, 4-6, 8-10, and 15,
further explaining their reduced melting behaviour.

4 Conclusion

We present a deep learning-enabled workflow for discovering
novel low-melting-point ILs. The associated code can be found
in https://github.com/fate1997/ILGen-overall. To address data
scarcity in the IL field, we leveraged link prediction and
developed a GNN model to identify likely low-melting-point
cation—-anion combinations based on existing ILs. Our results
demonstrate that the link prediction model effectively identifies
such pairs, expanding the collected IL database by 30-fold
through iterative predictions, and finally obtained 262 076 ILs.
The expanded dataset enables the effective training of a VAE
with improved sample efficiency. The generated ILs are further
screened using a melting point filter, to test whether their
melting points are predicted to be below 373 K. Finally, MD
simulations validated that 90% of generated ILs meet this
criterion. We believe our strategy can also facilitate the
discovery of other molecular mixtures, such as deep eutectic
solvents. However, there are still limitations to our approach;
the expansion of the database has not increased the diversity of
the individual molecular components, which may restrict
exploration of the IL chemical space. Additionally, synthetic
feasibility, an important factor for the practical application of
low-melting-point ILs, was not explicitly considered in this
study. Future work will focus on broadening the range of ion
structures to enhance their diversity, while considering
synthetic accessibility and the prediction of other properties,
beyond the melting point, of relevance to the IL community. In
parallel, we will pursue the synthesis of selected predicted novel
ILs and experimentally validate their melting points.
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