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Abstract

Ionic liquids, a class of room-temperature molten salts, are of interest in a variety
of materials applications. Accurate prediction of their physiochemical properties
enables high throughput screening and acceleration of their practical application in
tangible technologies. In this work, a published neural-fingerprinting algorithm was
adapted to predict melting point and viscosity of ionic liquids based the component
anion and cation chemical structures. Both algorithms share a base message passing
neural network and successive dense layers to encode and combine information
from each ion. Outputs are then passed through property-specific network heads for
final prediction. Comparing the true and predicted values, the final viscosity model
resulted in an R2

dev = 0.89 and the final melting point model resulted in an R2
dev =

0.64. Transfer learning was also attempted between the viscosity and melting point
models, resulting in lower absolute performance but also lower apparent variance.

1 Introduction

Ionic liquids are molecules with a broad range of potential applications ranging from catalysis to
energy storage [1]. There are over 1 million ionic liquids which are synthetically feasible, however
only a small fraction have been synthesized [2]. Thus, there is interest in predicting the properties
of ionic liquids which have yet to be produced or characterized. High throughput screening of
these molecules can guide material selection to expedite incorporation into devices [3]. We have
specifically chosen to focus on melting point and viscosity of ionic liquids because those parameters
are both important factors in the performance of battery electrolytes, one area that ionic liquids are
particularly promising [4, 5].

In this work, we demonstrate accurate prediction of melting point and viscosity of an ionic liquid
based on the chemical structure of the anion and cation. Each anion and cation is represented in the
form of a SMILES string, a standard method for encoding the molecular structure into a unique set of
ASCII characters specifying the atoms and bonds of a molecule. Thus the input into the algorithm is
a pair of ASCII strings corresponding to the anion and cation structures, respectively (in addition to a
temperature, for the case of viscosity prediction). We then use a message-passing neural network
followed by a series of feed-forward layers to output a predicted value for either viscosity or melting
point.

2 Related work

There exist a multitude of approaches to predict the properties of organic molecules, but quantum
chemical methods such as density functional theory (DFT) have been the workhorse of computa-
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tional chemistry and materials science due to the attractive trade-off between computation time and
prediction accuracy [6]. However, these approaches are still too computationally expensive for high
throughput screening of molecules because optimized 3D coordinates are required for high-accuracy
predictions [6, 7]. These drawbacks make neural networks a promising alternative to enabling high
throughput screening of candidate molecules, and such approaches have recently shown prediction
accuracy exceeding that of hybrid DFT if given sufficient training data [8].

Several groups have attempted to use machine learning and neural network approaches to predict
physical properties of ionic liquids based on chemical structure. Some approaches based on group
contribution have been used with relative success, but such techniques require hands-on data labeling
and do not lend themselves to generalization across entirely novel structures [9, 10]. Another approach
has been to use ISIDA fragment descriptors to encode the varying bond environments across the
molecules, however the results are lackluster at best, possibly due to the small (99) dataset used [11].
Yet further approaches use various tree or graph-based frameworks for encoding chemical structure,
although such studies tend to focus exclusively on a single family of either anions or cations, and as
such may be limited in their generality [12, 13]. Indeed, relatively low mean absolute errors (7.1%)
have been recently achieved with perceptron-style networks, but such models rely on a least absolute
shrinkage and selection operator (LASSO) to determine the feature space of the model, thereby
eliminating the possibility of end to end learning [14].

In molecular property prediction, neural network architectures which operate on graph-based inputs
are categorized under the umbrella of Message Passing Neural Networks (MPNNs). Such models
encode molecules as graphs with node and edge features which can be updated according to the
connectivity of neighboring nodes. These architectures outperform models with a fixed fingerprint
because they enable end-to-end learning of each molecule [15]. It has been recently shown that
MPNNs can accurately predict the properties of large polymeric molecules without the need for
optimized 3D geometries. It was further shown that transfer learning can be implemented between
poorly correlated properties, highlighting the ability of MPNNs to extract both high-level and low-
level features from input data [7].

3 Dataset and Features

Our dataset contained experimentally measured physicochemical properties of ionic liquids which
was compiled and tabulated from hundreds of peer-reviewed articles [16]. This dataset included
7,666 viscosity values of ionic liquids at various temperatures, and the experimentally determined
melting point for 2,212 unique ionic liquids. The datasets consisted of a SMILES string encoding
of an ion pair, the measurement temperature (if applicable), and the desired property. This unique
encoding of the molecular structure allows for the 3-D connectivity of a molecule to be expressed as
a canonical string. A visualization of one entry common to both datasets is shown in Table 1, along
with the corresponding molecular structures.

The values in the viscosity dataset ranged several orders of magnitude, from 1.34 to 7,079,457.8
cP. As such, the logarithm of the viscosity was used as the labeled y-values so that both large and
small datapoints would more equally contribute to the loss function during training. In the case of
the melting point predictor, the y-values were scaled between -1 and 1, as this was found to improve
performance of the network.

Cation Anion Temperature log10(η) Melting Point
[K] [cP] [K]

CCN1C=C[N+](=C1)C C(F)(F)(F)S(=O)(=O)[N-]S(=O)(=O)C(F)(F)F 298 1.51 257

Table 1: Dataset visualization using the cation/anion pair of EMIM/TFSI. The first row shows
SMILES string encoding and measured physical properties that are respectively used as the model
inputs and outputs, while the second row contains the corresponding physical structure
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4 Methods

The model implemented in this work borrows heavily from the neural fingerprinting architecture
designed for other organic molecule systems [7], and is schematically depicted in Figure 1. As
described above, the inputs are comprised of a pair of SMILES strings corresponding to the anion
and cation respectively. Each string is then converted into a set of dictionaries corresponding to the
atom, bond and connectivity information. Atom states are distinguished based on atomic symbol,
charge state, bonding environment and aromaticity. Bond states likewise determined by type of bond
(single, double, triple), component atoms, conjugation and presence in a ring. A pair of embeddings
are then generated based on the size of the atom state and bond state dictionaries, with the depth of
the embedding left as a tunable hyperparameter, and initialized using Xavier initialization.

As depicted in Figure 1, both the atom and bond embeddings are shared between the anion and
cation molecules, such that an atom that exists in an anion references the same vector/matrix in the
embeddings as an identical atom in a cation. Further, both the anion and cation are passed through
the same layers of the message passing algorithm with shared weights. This was done to both limit
the number of trainable parameters due to the limited size of available datasets, and because any
relevant features for prediction should be present in both the anion and cation populations.

The message passing steps are carried out using the matrix multiplication method [7, 17]. At each
time step, the message m is calculated for each atom ν, according to the equation below. For each
w of its bonded neighboring atoms N(ν), a matrix multiplication is performed between the bond
between the bond embedding matrix corresponding to that bond type Aeνw and the atom feature
embedding htw calculated at the previous time step. The resulting vectors are then summed to obtain
the updated message mt+1

ν which is then passed into a gated recurrent layer wherein the atom feature
embedding is updated. Following the given number of message passing steps (M = 4 in this case),
the resulting atom embedding vectors are passed through a dense regression layer and then summed
on a per-molecule basis to generate a molecular fingerprint of tunable size.

mt+1
ν =

∑
w∈N(ν)

Aeνwh
t
w ht+1

ν = GRU(htν ,m
t+1
ν )

Because an identical encoding is performed on both the anion and cation, each molecular fingerprint
is passed through an independent dense layer before taking the sum of the two results. This dense
pre-combination layer mathematically then allows for such cross-interactions between non-directly
correlated properties, such as mfANi and mfCATj . The resulting element-wise summed vectors are
then piped to the corresponding network’s prediction head.

In the case of melting point prediction (shown schematically in turquoise in Figure 1) the final output
is of dimension 1, and is identified directly as ŷ, with a mean squared error loss function against the
known value y. Viscosity prediction uses a slightly more advanced head, as shown in gold in Figure
1, where the final output is replaced with a vector of dimension 3. Using an empirical relationship
between viscosity and temperature, the vector is mapped using built-in Keras functions to include the
temperature dependence, resulting in η̂ against which a mean squared error loss function is used. In
this way, the full size of the dataset may be leveraged to predict the parameters we are interested in
without the need for learning the temperature dependence.

Figure 1: Model Architecture, inspired by [7]
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5 Hyperparameter Tuning Experiments

When optimizing viscosity and melting point models, a priority was placed on tuning the base shared
architecture and learning rate. The architectural hyperparameters addressed, as well as the range
across which they were surveyed, were as follows: Atom Features: depth of the atom embedding
matrix [8, 32]; Fingerprint Size: size of anion/cation fingerprint graph [8, 64]; Mixing Size: output
length of anion/cation representations prior to "mixing" [8, 32]; and number of message passing steps:
determining the degree of accounted bonding environment [1, 4].

The number of message passing steps was limited a maximum value of 4 to prevent atoms in 5-
membered rings from retaining redundant information about themselves in their extended bonding
environments. Experimentation was skewed towards higher valued hyperparameters under the
assumption that larger networks would allow the base to learn more low/high-level features related to
physiochemical properties.

Table 2 shows a sampling of melting point performances of the varied hyperparameters, ordered by
highest R2

train between true and predicted values (analogous to mean squared error). Those which
performed best on test and train sets tended to have Atom Features = 32 and 3 to 4 message passing
steps. Fingerprint size ≤ 64 and mixing size ≤ 32 tended to perform better, though the exact values
were not as critical. The final model chosen for further optimization is highlighted Index 13 of in
Table 2, given its high R2

dev performance.

Index R2
train R2

dev
Atom Features Fingerprint Mixing Size Message Passing

Size Size Steps (M )

1 0.913162 0.708920 32 8 12 4
2 0.910837 0.691588 32 8 8 4
3 0.910206 0.683271 32 8 32 4...

...
...

...
...

...
...

12 0.896435 0.674678 32 8 32 3
13 0.895648 0.713652 32 32 20 4
14 0.894692 0.664827 32 16 32 3...

...
...

...
...

...
...

Table 2: Sample of melting point prediction performance of explored hyperparameter space

Learning rate was tuned manually, using learning rate step decay. Adjustments to the learning rate
decay and scheduling were made by monitoring the loss curve, with best results achieving using an
initial learning rate of 0.01 and 0.55 factor drop every 100 epochs. In an effort to reduce variation
on melting point prediction, regularization and dropout were introduced. However, neither had a
strong effect on reducing variation. Both viscosity and melting point models were individually trained
until training and development loss curves plateaued. Since development loss did not diverge and
variation was not reduced with regularization or dropout, we conclude that our models did not overfit
to training data.

6 Results & Discussion

With the hyperparameter choices determined above, the viscosity and melting point prediction
models were run for 1000 epochs each. As can be seen in Figure 2a, the viscosity predictions lead to
impressiveR2 scores, with a tight prediction distribution across the full 8 orders of magnitude spanned
by the dataset. However, despite such remarkable distributions, mean absolute error across the train
and dev sets are calculated at 0.124 log(cP ) and 0.155 log(cP ) respectively. When transformed back
to original cP units, that translates to (-24.9%, +33.0%) error for train set and (-30.0%, +42.9%) error
for dev set [18]. Given the huge range spanned by the dataset, although this work still has yet to
outperform some of the tailor-made networks with hand-designed components [14], it nevertheless
demonstrates a significant step toward full end-to-end learning of materials properties from structure.

On the other hand, the melting point predictor seen in Figure 2b demonstrates a significant improve-
ment over any of the networks attempted elsewhere on the same dataset, for both the train and dev
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Figure 2: Prediction graph for (a) viscosity and (b) melting point prediction through independent
networks, as well as (c) melting point prediction with weights transferred from viscosity model (a)

sets [10]. Although significant variance remains even in the best models, neither reshuffling nor
modest regularization techniques are able to rectify the issue. Most likely, the dataset of melting point
values is still simply too small to allow for proper learning and generalization.

In an attempt to counteract the weaknesses associated with having an insufficient dataset, we moved
to pre-train the melting point predictor using the learned weights from the viscosity prediction model
from Figure 2a. In this case, all weights from the basic model up until the addition layer were saved
and set to non-trainable, while only the final dense regression layer associated with the melting point
prediction head was set to be trainable. The results following 1000 epochs are shown in Figure
2c. Noticeably, the overall performance of the network is lower, although the apparent variance
is decreased as well. While it is difficult to make any conclusive claims due to the greater bias, a
decreased variance across the model would be consistent with the advantages associated with transfer
learning.

The increased bias due to the transfer learning can be explained straightforwardly based upon further
examination of the respective datasets. While the majority of atoms and bonds contained within the
superset of the SMILES strings were shared commonly, approximately 1

6 of the features contained in
the melting point dataset were not present in the viscosity dataset. Consequently, the corresponding
entries in the atom and bond embeddings were never trained during viscosity prediction, and remained
at the initialized values. Because the embedding layers were set to be non-trainable for the transfer
learning, a proper calculation of the respective molecular fingerprints could not be done, and the
performance therefore suffered.

7 Conclusions and Future Work

From the hyperparameter tuning performed, it is apparent that the depth of the atom embedding
matrix is a critical parameter that should be substantial enough in size. Excessive limitation on the
number of atom features will result in a lower performing model. Additional message passing steps
also help model performance, as expected due the larger resulting environment of consideration.

Both the viscosity and melting point prediction highlighted the challenges associated with small
datasets. Although the viscosity dataset contained 7,666 distinct viscosity values, the number of
distinct structures was considerably smaller due to the range of temperature values at which viscosity
was measured. As the full dataset was shuffled into train and dev sets, several of the anion/cation
pairs were likely in both sets, albeit at differing temperatures. Consequently, the R2

dev values are
probably not a true reflection of the predictive properties of the network, and in the future an entirely
distinct dataset should be used for testing. In the melting point predictor as well, a larger dataset
would have proven beneficial to counteract some of the variance measured.

To mitigate both effects, future work could focus on training the entire network on both viscosity and
melting point simultaneously, i.e. ŷ =

(
η̂
Tm

)
with a customized mean squared error loss function that

would simply ignore absent values. In such a way, the detrimental effects of freezing training as seen
in the transfer learning of Figure 2c would be negated, and the entire embedding would be able to
learn in unison.
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