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S1 Training and hyperparameter optimization
details

The PyTorch [1] library is used to implement networks via the PyTorch Lightning [2]
framework, which delivers excellent reproducibility and reusability. Network hyperpa-
rameters are optimized automatically using the Optuna software package [3]. During
optimization, a holdout validation set was used to select ideal hyperparameters with-
out restrictions on network size or expressiveness, ensuring that the maximum possible
performance was achieved. Network hyperparameter optimization and training took
place on the MIT SuperCloud High Performance Computing cluster[4] GPU nodes
containing 2 x Nvidia Volta V100s. All reported metrics are defined according to their
usual formulae and are implemented via standard Python machine learning packages.
Early stopping was used during training, which allows the network to continue training
until the error on the validation set increased, indicating overfitting. At that point, the
network is reverted to the previous weights prior to the increase and carried forward
for testing. The complete space of hyperparameters explored in the study is given in
Table S1.

All code implementing the above is open source, permissively licensed, and
available online through Ref [5].
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Hyperparameter Values
Input Activation {sigmoid, tanh, clamp3}
Activation Function {relu, leakyrelu, sigmoid, tanh}
Interaction Operation {concatenation, hadamard product, sum, cartesian product}
Hidden Size {400, 600, 800, ..., 3400}
Number of Layers {0, 1, 2, ..., 6}
Solvent Hidden Size {400, 600, 800, ..., 3400}
Solvent Layers {0, 1, 2, ..., 6}
Solute Hidden Size {400, 600, 800, ..., 3400}
Solute Layers {0, 1, 2, ..., 6}

Table S1 Explored Hyperparameter Space

a b

Supplementary Figure S1 Comparison of SHAP contribution plots for the fastsolv model on
SolProp (a) and Leeds (b). The vertical axis gives the name of the input feature and the horizontal
axis indicates the mean absolute SHAP value for each feature across all of the tested points For (a)
1000 test points were randomly selected and then SHAP was conditioned on 500 points and calculated
on the remaining half. For (b) half of the entire dataset was used for conditioning, with the reminder
used for calculating SHAP values. Source data are provided as a Source Data file.

S2 fastsolv SHAP analysis

As mentioned in the main text it is possible to use SHAP values [6] on our fastsolv
model to quantify the importance of individual input features and thereby interpret
model predictions. Said importances can also be used to deduce how many of the
inputs features are required to achieve accurate predictions. This is epecially important
because it is known that many molecular descriptors are highly correlated (e.g. molec-
ular weight and count of common functional groups). Using the SHAP package, Figure
S1 was created to address these points. The code for generating these plots is available
alongside all other paper code on Github at github.com/JacksonBurns/fastsolv.

As shown the two test sets both use six of the same input features in their top ten,
indicating that the representation learned on the training set is broadly applicable to
chemical space and not degenerate with respect to other descriptor combinations. As
further evidence of this, the following additional metric can be calculated: the number
of features with an importance greater than the sum of all subsequent less-important
features. For the SolProp and Leeds tests sets this number is 2,510 out of 3227 and
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2,211 our of 3227, respectively. In each case, approximately 70% of the available fea-
tures are used by the model. While feature selection could possibly eliminate some of
the remaining 30% without a significant performance loss, the resuting model will still
be quite large.

There are other notable features of these plots that are worth mentioning. Tem-
perature goes down in importance when all tested point are at room temperature, as
shown when comparing the SolProp (variable temperature) and Leeds (room temper-
ature) datasets. This is an intuitive result given that solubility is known to be a strong
function of temperature but is nonethless a good consistency check. Also important
is that the top ten features are dominated by solute descriptors, rather than those of
the solvent. This aligns with the physical understanding that solute chemical space is
much broader than solvent chemical space. The diversity in structures in the former
is well represented in the training data and thus learned by the model, whereas the
limited number of industrial solvents limits both solvent diversity in the training data
as well as actual applicable solvents in real world settings.
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S3 Predictions on specific solutions

Furthermore, we evaluated the performance of fastsolv on other solutes of inter-
est, namely anthracene and anthraquinone derivatives. First, within the SolProp
dataset, we extracted all of the solutions of these solutes, compiling 85 anthracene,
2-ethylanthraquinone, and 1-chloroanthraquinone solutions in 53 unique solvents, all
at room temperature. The test of fastsolv on this SolProp subset yields an over-
all RMSE = 0.52, with RMSE = 0.76 for 4 anthracene solutions, RMSE = 0.44 for
32 2-ethylanthraquinone solutions, and RMSE = 0.55 for 49 1-chloroanthraquinone
solutions. These results suggest the model is highly accurate on these potentially
challenging polycyclic aromatic compounds.

However, to extend this analysis to temperature-dependent solubility, we searched
the literature for a temperature-dependent dataset of anthracene/anthraquinone sol-
ubility, finding the work of Cepeda and Diaz. These experimental results are plotted
below against the fastsolv prediction curves in Supplementary Figure S2. We
observe highly accurate anthracene predictions, with RMSE ranging between 0.12-
0.42 for the different solvents. We also observe that the model accurately captured the
temperature-dependence of anthracene solubility (Supplementary Figure S2a-c). In
contrast, we observe less accurate predictions for anthraquinone solubility, with RMSE
ranging between 1.20-1.80 for the different solvents (Supplementary Figure S2d-f). We
do still observe accurate temperature gradients. Interestingly, the model uncertainty
was much larger for the anthracene predictions than for anthraquinone predictions,
despite the predictions being much more accurate. Overall, fastsolv demonstrates
highly accurate performance on room-temperature anthracene, 2-ethylanthraquinone,
and 1-chloroanthraquinone solutions within the SolProp test set, highly accurate pre-
dictions of temperature-dependent anthracene solutions, and relatively inaccurate
predictions on temperature-dependent anthraquinone solutions.
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Supplementary Figure S2 fastsolv performance on anthracene and anthraquinone in various
solvents. Solubility (logS) predictions and experimental data as a function of temperature (K) for
solutions of anthracene (top row) in acetonitrile (a), methyl ethyl ketone (b), and isopropyl alcohol (c);
and anthraquinone (bottom row) in the same solvents (d-f). Experimental data are plotted as circles,
while fastsolv predictions are plotted as solid lines. The shaded areas indicate model uncertainty,
which is the ensemble standard deviation. Experimental solubility data is compiled from Cepeda
and Diaz. Root mean square error (RMSE) for each solution is shown on the plot. Source data are
provided as a Source Data file.

S4 Determination of aleatoric limit

As discussed in Section 1.3, we evaluated an estimate of the inter-laboratory experi-
mental variability by comparing the experimental data from different solutions with
the same solute, solvent, and temperature (within a threshold of 1◦ K), but differ-
ent original sources between the different datasets. This mirrors the task of training
on one dataset (BigSolDB), and testing extrapolating to another dataset (Leeds, Sol-
Prop). We found 34 solutions with different sources, containing 8 unique solutes and 6
unique solvents. The average inter-laboratory standard deviation between these solu-
tions is 0.34 while the RMSE is 0.75. We then evaluated model predictions on these
solutions with multiple sources. Specifically, measurements of N-acetylglycine solubil-
ity in acetonitrile and methanol from Zhao et al. and Guo et al. These two solutions
are especially interesting case studies, since in acetonitrile, the experimental data dif-
fer drastically, but in methanol the data from both sources are very similar (Figure
S3). For acetonitrile, the model predicts solubility values in good agreement with the
measurements from Zhao et al., while in methanol the model predictions are in good
agreement with both experiments. The fact that the model matches one of the experi-
mental datasets in the case when they disagree is encouraging, particularly since that
source indicates that the solubility should be higher in acetonitrile than in methanol,
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which matches an intuitive chemical understanding because the solute contains an
acetyl backbone.

Solute

Solvent

N-Acetylglycine

acetonitrile methanol

Supplementary Figure S3 Model performance on variable experimental data. Solubility of N-
acetylglycine in (a) acetonitrile and (b) methanol. Red points show experimental data from Zhao
et al., while blue points show experimental data from Guo et al. Solid line shows fastsolv model
predictions. The gray shaded area represents the model uncertainty which is the ensemble standard
deviation. Source data are provided as a Source Data file.
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S5 Benchmarking against transformer-based
molecular foundation models

We sought to determine whether the plateau in test RMSE reported in Figure 5 was
attributable to epistmetic uncertainty from insufficiently expressive or otherwise erro-
neous models. To this end, we benchmarked our models against the state-of-the-art
trasnformer-based molecular foundation models MolFormer[10] and ChemBERTa-
2.[11] These widely-utilized transformer-based models have been found to perform
extremely well at molecular property prediction tasks, and encode rich molecular
embeddings which can be fine-tuned to specific tasks.[10] Critically, they take a
fundamentally different approach to molecular modeling than either fastprop or
chemprop, using SMILES string directly rather than graphs or molecular descriptors.

We fine-tuned these models on the same training set from BigSolDB, using training
protocols in tutorials provided by the original authors. The fine-tuned models were
then tested on the SolProp and Leeds test sets, as highlighted below in Figure S4. We
observe that MolFormer outperforms ChemBERTa on both the Leeds and SolProp
test sets, but still underperforms compared to both of the models developed in the
present study.
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Supplementary Figure S4 Benchmarking against transformer-based models. Parity plots
demonstrating ground truth solubility (logS) against predicted solubility (log Ŝ) for fine-tuned
MolFormer[10] (a and c) and ChemBERTa[11] (b and d) on the Leeds[12] (top row, a and b) and
SolProp[13] (bottom row, c and d) test sets. The root mean square error (RMSE) and % logS ± 1
are listed for each model on each test set. Source data are provided as a Source Data file.

S6 Solute distribution over chemical space

We used the chemplot package[14], to visualize the distribution of solutes in the train-
ing and testing data over chemical space. The 2-D UMAP plot below, in Figure S5
shows the broad coverage of solutes in the Leeds dataset compared to the narrower
coverage of the solutes in the BigSolDB training data and SolProp testing data.

S8



UMAP-1

UM
AP

-2

UMAP plot
BigSolDB
SolProp
Leeds

Supplementary Figure S5 Distribution of solutes in chemical space. 2-D UMAP projection of
solute chemical space. Solutes from BigSolDB[15] (blue), SolProp[13] (orange), and Leeds[12] (green)
are represented as points. Source data are provided as a Source Data file.
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