Suppl. Note 1. Description of modalities and
model selection

The main focus of this work is the multimodality, and in this section we ex-
plain the modalities selected and the models used for each modality. We focus
on multimodality over molecular modalities, so we use only one modality for
proteins in the drug-target interaction tasks, and seven different modalities for
molecules. For the other modalities (i.e. data properties of the measurements
in the BDB MKG, 2.1, we infer the type from the data (either text, or number).

1.1 Numbers

For numbers, we create a tensor (a.k.a. embedding) directly from the value,
resulting in an embedding of only one value, the number present in the data

property.

1.2 Text

Following [6] we embed the texts using a language model, a sentence trans-
former [15] that maps sentences and paragraphs to a 768 dimensional dense
vector space. We use the same checkpoint, which is publicly available: https://
huggingface.co/sentence-transformers/paraphrase-albert-small-v2.

1.3 Evolutionary Scale Modeling - ESM

In our study, we use Evolutionary Scale Modeling - ESM [16] to characterise
protein sequences. ESM is a transformer model trained using masked language
modeling on the UniRef50 protein sequence database [20], learning contextual
representations that capture evolutionary and structural information, enabling
downstream tasks such as zero-shot mutation effect prediction and unsupervised
structure inference.

In our experiments, we used the mean token embeddings extracted from
the 33rd layer of the esm1b_t35-650M_UR50S checkpoint available via Hugging
Face at https://huggingface.co/facebook/esmib_t33_650M_UR50S, with all
sequences are truncated to 1022 amino acids.

We did some experiments comparing the ESM-1B model against the ESM-
2 (checkpoint esm2_t33_650M_UR50D available at https://huggingface.co/
facebook/esm2_t33_650M_UR50D), to see which model performed better. The
results, Suppl. Table 1, show that ESM-1B is better (on average) in 6 out of
the 7 experiments, and thus we use it in the rest of the experiments.

1.4 Morgan Fingerprint

Morgan Fingerprint, equivalent to the ECFP4 fingerprint of the Extended-
Connectivity Fingerprint family [17], is a circular topological fingerprint for



molecules that considers both the neighborhood of atoms in molecules and fea-
ture extraction kernels to generate a count vector for molecular characterisation
purposes. Therefore, Morgan Fingerprint is a count-based fingerprint, and it
has been extensively used in tasks such as substructure searching, similarity
assessment, virtual screening for small molecules, and target prediction bench-
marking, tasks in which it has proven to be highly performant.

In our experiments, we used the Morgan Fingerprint model available within
the RDKit python library (https://github.com/rdkit/rdkit) with a shape
of 2048 (nBits) and a radius of 2. However, whenever RDKit fails to generate a
valid fingerprint, we use an embedding of a suitable shape filled with zeros.

1.5 ImageMol

ImageMol [23] is an unsupervised molecular image pretraining framework that
combines comprehensive knowledge on molecular chemistry with an image pro-
cessing infrastructure with the aim to extract pixel-level molecular features.
ImageMol uses molecular images as the feature representation of compounds
which allow for high accuracy and low computing costs, and exhibits chemical
awareness concerning molecular structure enabled via large-scale unsupervised
pretrained learning on ~10 million drug-like compounds with diverse biological
activities.

ImageMol’s molecular encoder is pretrained via 5 strategies: i) structural
classification, to predict chemical structural information; ii) rationality clas-
sification, to distinguish between rational and irrational molecules; iii) jigsaw
classification, to predict rational permutations; iv) contrastive classification, to
maximise the similarity between original and masked images; and v) image gen-
eration, to discriminate between real and fake molecular images. ImageMol’s
accuracy is demonstrated in several drug discovery tasks including drug-like
property assessment and molecular target prediction.

In our experiments, we used the publicly available ImageMol’s pretrained
model ImageMol.pth.tar, referenced in the official ImageMol GitHub repository
https://github.com/HongxinXiang/ImageMol and made available at https:
//drive.google.com/file/d/1wQfby8IIhgo3DxPvFeHXPc14wS-b4KB5. From
such checkpoint, we select the molecular encoder’s weights for the ImageMol
encoding-only (IM) variant, and added the weights of the 100-neuron structural
classification layer for the ImageMol encoding with classification layer (IMC)
variant. Concerning the use of the IM and IMC variants, we preselected them for
early, small-scale comparative evaluation in the context of 3 drug-target binding
affinity datasets in the TDC benchmark suites, namely DTIT DG, DAVIS, and
KIBA, with initial embeddings for proteins obtained via ESM1b and initial
embeddings for drugs obtained via the IM/IMC. From the comparative results
in Suppl. Table 2, we observe the following:

e Number of local wins (italic entries): 6 times IM, 10 times IMC.

e Number of global first places (bold entries): 3 times IM, 5 times IMC.



e Number of global second places (underlined entries): 4 times IM, 4 times
IMC.

From the above, IMC was the selected ImageMol variant for the large-scale
experiments reported in this article.

1.6 ChemBERTa

ChemBERTa [1] is a RoBERTa-based transformer model with 12 attention heads
and 6 layers, pretrained on PubChem data and fine-tuned on MoleculeNet data,
suitable for molecular property prediction, drug design, chemical modelling. For
pretraining, a dataset of 77TM unique SMILES was extracted from PubChem
and properly curated to facilitate large-scale pretraining on up to 10M subsets.
On the other hand, fine-tuning was based on several MoleculeNet classifications
tasks with a wide range of dataset sizes (1.5K to 41.K datapoints) and medicinal
chemistry applications.

The base code of ChemBERTa is available via GitHub (https://github.
com/seyonechithrananda/bert-loves-chemistry), and the pretrained check-
points are available via Hugging Face. In our experiments, we used the check-
point ChemBERTa-zinc-base-v1, which is available at https://huggingface.
co/seyonec/ChemBERTa-zinc-base-v1.

1.7 MolFormer

MolFormer [18] is a large-scale chemical language model designed with the in-
tention of learning a model trained on small molecules which are represented as
SMILES strings. MolFormer leverges Masked Language Modeling and employs
a linear attention Transformer combined with rotary embeddings.

In our experiments, we used the checkpoint N-Step-Checkpoint_3-30000.ckpt
available in the official MolfFormer GitHub repository https://github.com/
IBM/molformer.

1.8 SMI-TED

SMI-TED [19] is a SMILES-based Transformer Encoder-Decoder model devel-
oped by IBM, pre-trained on a curated dataset of 91 million canonicalized
SMILES samples sourced from PubChem - equivalent to 4 billion molecular
tokens. For pretraining, two strategies were employed: a masked language
model approach to train the encoder, and an encoder-decoder strategy to re-
fine SMILES reconstruction and improve the quality of the generated latent
space. The pretrained model have demonstrated competitive performance on
classification and regression benchmarks from MoleculeNet, including predicting
molecular quantum mechanics.

In our experiments, we used the SMI-TED checkpoint available via Hugging
Face at https://huggingface.co/ibm-research/materials.smi-ted/blob/
main/smi-ted-Light_40.pt



1.9 MolGen

MolGen-large [5] is a pre-trained molecular generative model built using SELF-
IES [11]. The training corpus comprises over 100 million molecules in SELFIES
representation. MolGen-large employs a bidirectional Transformer as its en-
coder and an autoregressive Transformer as its decoder, and it can learn the
intrinsic structural patterns of molecules by mapping corrupted SELFIES to
their original forms.

In our experiments, we used the MolGen-large checkpoint available via Hug-
ging Face at https://huggingface.co/zjunlp/MolGen-large.

1.10 Uni-Mol

Uni-Mol [24] is a powerful framework for molecular representation learning that
emphasizes the use of 3D structural information. It employs two large-scale pre-
trained SE(3) Transformer models—one trained on molecular conformations and
the other on protein pockets—to generate rich, spatially-informed representa-
tions. Equipped with tailored finetuning strategies, Uni-Mol adapts seamlessly
to a broad spectrum of molecular tasks, ranging from property prediction to 3D
structure-based applications. By incorporating three-dimensional geometry at
its core, Uni-Mol sets new benchmarks in both conventional molecular property
tasks and more complex 3D challenges such as binding pose prediction.

In our study, we utilized Uni-Mol to generate 3D conformations of drug
molecules from their SMILES representations and extracted embeddings from
the pretrained models. These embeddings provide compact and informative
summaries of the small molecules’ 3D structures.

Uni-Mol’s basecode is available at https://github.com/deepmodeling/
Uni-Mol, while pre-trained models are available via Hugging Face. In our exper-
iments, we used the model weights corresponding to the default unimolvl model,
which are available at https://huggingface.co/dptech/Uni-Mol-Models.

Suppl. Note 2. Benchmarks and datasets

2.1 Pretraining Multimodal Knowledge Graphs

For pretraining the inductive graph neural network (Otter-Knowledge), we need
a Multimodal Knowledge Graph (MKG). We create one from BindingDB [13]
and UniProt [4]. BindingDB consists of 2,656,221 data points involving 1.2
million compounds and 9,000 targets. Following [6], we create triples for every
drug-protein pair in an entity called Measurement. To avoid data redundancy,
we remove duplicated triples from the TDC DTI dataset. Uniprot comprises
573,227 SwissProt proteins (from curated UniProt subset).

We consider three entities in our MKG: Measurement, Drug and Protein.
We use the Measurement to relate the Protein and the Drug, using the object
relationships has_target and has_drug respectively. The Measurement also has
different attributes, like Kd, Ki, IC50, etc. These set of attributes is fixed, this is,
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Supplementary Figure 1: Diagram of the BDB MKG used for the experiments.

we don’t vary these attributes/modalities across A diagram of the MKG used is
shown in Suppl. Fig. 1. For the Drug, the number of attributes will vary from
experiment to experiment, using different modalities, including: fingerprints,
SMILES, 2D image, 3D structure, SELFIES. Protein nodes contain only one
fixed attribute, the protein sequence, coming from Uniprot, and represented
using ESM-1b (see 1.3).

2.2 DTI Benchmarks

We evaluate all the approaches over the TDC DTI Datasets [3]: DG (based on
BindingDB patents), KIBA and DAVIS. For KIBA and DAVIS we use three
different splits, one random split with seed 0, one cold-start split based on the
drug and one cold-start split based on the targets. Cold-start first splits on one
entity type (either drug or target) into train/valid/test and then move all pairs
associated with that entity in each set as the final splits. Suppl. Table 3 shows
an overview of the datasets and splits we use.

2.3 ADMET Benchmarks

For each dataset in the ADMET benchmark group [2], we follow the standard
scaffold split recommended in the TDC benchmark to partition the data into
training, validation, and test sets. The training and validation sets are merged
to form a single training set, while the test set provided by the TDC benchmark
remains untouched until the final evaluation.

Four different metrics are used depending on the nature of the benchmark
task. The Area Under the Receiver Operating Characteristic Curve (AUROC)
is used for binary classification tasks where the numbers of positive and neg-
ative samples are relatively balanced. The Area Under the Precision-Recall
Curve (AUPRQC) is used for binary classification tasks with significant class im-



balance, particularly when positive samples are much fewer than negative ones.
The Mean Absolute Error (MAE) is employed for most regression benchmarks.
Spearman’s rank correlation coefficient is used for regression tasks where tar-
get values depend on factors beyond chemical structure. Dataset statistics and
additional information can be found in Suppl. Table 4.

Suppl. Note 3. Analysis of the impact of individ-
ual models vs diversity of modalities

To investigate whether the improvements observed in the multimodal setting
arise primarily from the integration of distinct modalities rather than from the
diversity of individual models, we conducted an additional controlled compari-
son in which models belonging to the same modality type were systematically
substituted within the same experimental configurations.

Specifically, we compared the results of the experiments using sequence-
based modalities (SMILES/SELFIES representations). This experiments in-
clude the following models: MOLF; SMI; MG. We keep MF as the main modal-
ity, and analyse the impact of adding other modalities to it. The goal of this
analysis was to determine whether the observed performance trends are pri-
marily driven by the modality type or by the specific model instance used to
represent that modality.

The comparison was performed on the DG dataset, which is the largest
dataset considered in this study and therefore provides the most reliable setting
for controlled comparisons. In addition, we used the FFNN-IF architecture,
which is the simplest fusion architecture in our benchmark. This choice mini-
mizes potential confounding factors that could arise from more complex com-
ponents such as knowledge graph integration or graph neural networks used in
OK.

Suppl. Table 5 reports the results obtained when adding the sequence modal-
ity to the other experimental configurations. The first row corresponds to the
experiment using only MF, while subsequent rows progressively introduce ad-
ditional modalities (e.g., IMC, UM or both).

The results show that models belonging to the same modality family produce
highly consistent trends across configurations. For example, when a sequence
modality is added to the MF baseline, all evaluated sequence-based models
produce a comparable improvement in performance. In contrast, adding spatial
(IMC) or geometric (UM) modalities to the MF baseline does not produce a
similar improvement in this setting (Suppl. Table 5, second and third rows,
Original column). A comparable pattern is observed when introducing a third
modality in the IMC-MF-UM configuration (fourth row).

To facilitate interpretation, these results are also visualized in Suppl. Fig. 2.
The figure highlights that sequence-based encoders follow a consistent perfor-
mance trend across model variants, whereas the addition of spatial or geometric
modalities produces different effects. This behavior suggests that the dominant



factor influencing the performance trend is the modality type rather than the
specific encoder used to implement that modality.

To further quantify this observation, we conducted a pairwise sign analy-
sis. When comparing models within the same modality, the results are mixed
(e.g., 2-2 and 3-1 splits across pairs), with no model consistently outperform-
ing others. This lack of transitivity indicates that performance differences are
configuration-dependent and do not reflect a systematic advantage of any spe-
cific model.

In contrast, comparisons across configurations with different modality com-
positions exhibit a fully consistent pattern: all pairwise comparisons result in
unanimous outcomes (4-0), indicating that modality changes induce systematic
performance differences across all model variants.

The detailed pairwise comparisons are as follows:

e MOLF vs SMI: 4 - 0

e MOLF vs CB: 2 - 2

e MOLF vs MG: 3 -1

e SMIvs CB: 1-3

e SMI vs MG: 1 -3

e CBvs MG: 3-1

e MF vs IMC - MF: 4-0

e MF vs MF - UM: 4-0

e MF vs IMC - MF - UM: 4 -0

e IMC - MF vs MF - UM: 0 - 4

e IMC - MF vs IMC - MF - UM: 0 - 4
e MF - UM vs IMC - MF - UM: 4 -0

Overall, this analysis indicates that while individual model choices can pro-
duce small variations in performance, the primary trends observed in our mul-
timodal experiments are largely driven by the modality being introduced rather
than by the diversity of models themselves. These results therefore support
the interpretation that the improvements reported in the manuscript reflect the
integration of complementary molecular representations rather than simply the
aggregation of heterogeneous model architectures.
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Supplementary Figure 2: Impact of sequence-based model substitution
on multimodal performance. Performance obtained adding modalities to
experiments containing Morgan Fingerprint (MF) in the DG dataset using the
Feed-Forward Neural Network architecture with Intermediate Fusion (FFNN-
IF). Each curve corresponds to a different modality added, while the x-axis
represents the experimental configuration. Models belonging to the same modal-
ity family exhibit consistent performance trends across configurations, whereas
configurations involving spatial (Imagemol, IMC) and geometric (Unimol, UM)
modalities display different behaviors. This suggests that the dominant per-
formance trend is primarily associated with the modality type rather than the
specific model used to implement that modality.

Suppl. Note 4. Ranking

To complement the comparison based on raw performance values, we addition-
ally analyze the relative ranking of experimental configurations across bench-
marks. For each benchmark, experiments are ranked according to their perfor-
mance, allowing a comparison that is independent of the scale of the evaluation
metric. Suppl. Fig. 3 summarizes the resulting rank distributions across bench-
marks for DTT.

Panels (a) and (b) show the number of benchmarks for which each architec-
ture and fusion strategy achieves the best rank. The OK architecture obtains
the top rank in the majority of benchmarks, while late fusion (LF) consistently
outperforms intermediate fusion (IF). Panels (d) and (e) further confirm this
trend when considering the mean rank across all experiments, where lower values
indicate better relative performance.

Finally, panels (¢) and (f) analyze the effect of multimodality. The number
of modalities used in an experiment shows a clear relationship with performance:
configurations incorporating more modalities tend to achieve better ranks across
benchmarks. In particular, the mean rank decreases monotonically as the num-
ber of modalities increases, suggesting that integrating multiple molecular repre-
sentations systematically improves predictive performance across heterogeneous
benchmarks.

We further analyze the ADMET benchmark suite to assess the generality
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Supplementary Figure 3: Rank-based analysis of architectural and mul-
timodal design choices across benchmarks. (a) Number of tasks in which
each architecture achieves the top rank. (b) Number of tasks in which each
fusion strategy achieves the top rank. (c¢) Number of tasks in which experi-
ments with a given number of molecular modalities achieve the top rank. (d,e)
Mean rank across benchmarks for architectures and fusion strategies, respec-
tively (lower rank indicates better performance). (f) Mean rank as a function
of the number of modalities used in the experiment. Together, these analyses
complement the comparison based on raw performance values by highlighting
the relative consistency of different design choices across heterogeneous bench-
marks.

of the trends observed in drug—target interaction tasks. Since only a single
architecture is used in this case, we focus on the impact of fusion strategy and
the number of molecular modalities. Panels (a) and (b) of Suppl. Fig. 4
show the number of tasks in which each fusion strategy achieves the top rank
and the distribution of top-ranked tasks across different numbers of modalities,
respectively. Late fusion (LF) consistently outperforms intermediate fusion (IF),
achieving a lower mean rank across tasks (75.98 vs. 105.67), confirming the
advantage of combining representations at a later stage.

Panels (c) and (d) illustrate the relationship between the number of modal-
ities and performance. The mean rank decreases monotonically from 124.56
for unimodal experiments to 49.95 when six modalities are integrated, demon-
strating a clear benefit of multimodal integration. These results indicate that
the performance gains observed in ADMET property prediction are primarily
driven by the incorporation of complementary molecular modalities rather than
by the specific choice of fusion strategy alone, providing strong evidence that the
positive effects of multimodality are robust across diverse molecular prediction
tasks.
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Supplementary Figure 4: Rank-based analysis of fusion and multimodal
design choices across ADMET benchmarks. (a) Number of tasks in which
each fusion strategy achieves the top rank. (b) Number of tasks in which ex-
periments with a given number of molecular modalities achieve the top rank.
(¢) Mean rank across benchmarks for the fusion strategies (lower rank indicates
better performance). (d) Mean rank as a function of the number of modalities
used in the experiment. Together, these analyses complement the comparison
based on raw performance values by highlighting the relative consistency of dif-
ferent design choices across heterogeneous benchmarks.
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Suppl. Note 5. State of the art

Supplementary Tables 6, 7, 8, 9 10 and 11 compare the best result we obtain
with the state of the art.

Suppl. Note 6. Statistical details

We use statistical tests to detect any significant difference between experiments.
As we are comparing different models across the same benchmarks (i.e. paired
experiments), we use Wilcoxon test to measure any significant difference be-
tween the distribution of the results. We first run a two-sided Wilcoxon test,
with a p-value threshold of 0.05. The null hypothesis is that the two distri-
butions are similar. If the result is positive (i.e. the p-value is less than the
threshold), we can reject the null hypothesis and say that the two distributions
are different, and in that case we conduct the Wilcoxon test again to detect
which distribution is greater (or smaller in the case of ADMET MAE bench-
marks. We also asume a threshold of 0.05. If the p-value j « = 0.05, HO can be
rejected, meaning that the second population is greater (or smaller in the case
of ADMET MAE benchmarks) than the first one. If one of the experiments is
not reported is because the wilcoxon test was not positive (i.e. the p-value is
greater than 0.05). We use the SciPy package to run the tests [22].
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6.1 DTI

We compute the mean result of each benchmark for all the models grouped by
the number of molecular modalities; gy is the group of models combining N
molecular modalities.

6.1.1 Intermediate fusion

For the knowledge-enhanced multimodal neural network (Otter-Knowledge), re-
sults of the Wilcoxon Signed-Rank test indicate that there is

e a significant large difference between g; (Mdn = 0.5990, n = 7) and go
(Mdn = 0.6076, n = 7), W+ = 27.0, p = 0.016, r = 0.914

e a significant large difference between ¢g; (Mdn = 0.5990, n = 7) and g3
(Mdn = 0.6128, n = 7), W+ = 27.0, p = 0.016, r = 0.914

e a significant large difference between ¢g; (Mdn = 0.5990, n = 7) and g4
(Mdn = 0.6217, n = 7), W4 = 27.0, p = 0.016, r = 0.914

e a significant large difference between g (Mdn = 0.6076, n = 7) and g3
(Mdn = 0.6128, n = 7), W+ = 26.0, p = 0.023, r = 0.857

e a significant large difference between go (Mdn = 0.6076, n = 7) and g4
(Mdn = 0.6217, n = 7), W+ = 26.0, p = 0.023, r = 0.857

For the simple neural network architecture, results of the Wilcoxon Signed-
Rank test indicate that there is no statistically significant difference between
any pair of groups.

We also compare Otter-Knowledge (OK-IF) against the simple neural net-
work (SNN-IF), taking the average score across benchmarks for all the exper-
iments, both using a intermediate fusion approach. Results of the Wilcoxon
Signed-Rank test indicate that there is a significant large difference between
SNN — IF (Mdn = 0.5477, n = 39) and OK — IF (Mdn = 0.6205, n = 39),
W+ = 780.0, p = 0.000, r = 1.129.

6.1.2 Late fusion

For the knowledge-enhanced multimodal neural network (Otter-Knowledge), re-
sults of the Wilcoxon Signed-Rank test indicate that there is

e a significant large difference between g; (Mdn = 0.5990, n = 7) and g»
(Mdn = 0.6399, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between ¢g; (Mdn = 0.5990, n = 7) and g3
(Mdn = 0.6575, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between ¢g; (Mdn = 0.5990, n = 7) and g4
(Mdn = 0.6653, n = 7), W+ = 28.0, p = 0.008, r = 1.005
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e a significant large difference between g; (Mdn = 0.5990, n = 7) and g5
(Mdn = 0.6697, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g; (Mdn = 0.5990, n = 7) and gs
(Mdn = 0.6726, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between go (Mdn = 0.6399, n = 7) and g3
(Mdn = 0.6575, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g (Mdn = 0.6399, n = 7) and g4
(Mdn = 0.6653, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g (Mdn = 0.6399, n = 7) and g5
(Mdn = 0.6697, n = 7), W4 = 28.0, p = 0.008, r = 1.005

e a significant large difference between g (Mdn = 0.6399, n = 7) and gg
(Mdn = 0.6726, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g3 (Mdn = 0.6575, n = 7) and g4
(Mdn = 0.6653, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g3 (Mdn = 0.6575, n = 7) and g5
(Mdn = 0.6697, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g3 (Mdn = 0.6575, n = 7) and gs
(Mdn = 0.6726, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g, (Mdn = 0.6653, n = 7) and g5
(Mdn = 0.6697, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g4 (Mdn = 0.6653, n = 7) and gg
(Mdn = 0.6726, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g5 (Mdn = 0.6697, n = 7) and gg
(Mdn = 0.6726, n = 7), W+ = 28.0, p = 0.008, r = 1.005

For the simple neural network architecture, results of the Wilcoxon Signed-
Rank test indicate that there is

e a significant large difference between g; (Mdn = 0.6001, n = 7) and ¢
(Mdn = 0.6134, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g; (Mdn = 0.6001, n = 7) and g3
(Mdn = 0.6174, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g; (Mdn = 0.6001, n = 7) and g4
(Mdn = 0.6194, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between ¢g; (Mdn = 0.6001, n = 7) and g5
(Mdn = 0.6206, n = 7), W+ = 28.0, p = 0.008, r = 1.005
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e a significant large difference between g; (Mdn = 0.6001, n = 7) and gs
(Mdn = 0.6279, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between go (Mdn = 0.6134, n = 7) and g3
(Mdn = 0.6174, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g (Mdn = 0.6134, n = 7) and g4
(Mdn = 0.6194, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g (Mdn = 0.6134, n = 7) and g5
(Mdn = 0.6206, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between go (Mdn = 0.6134, n = 7) and gs
(Mdn = 0.6279, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g3 (Mdn = 0.6174, n = 7) and g4
(Mdn = 0.6194, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g3 (Mdn = 0.6174, n = 7) and g5
(Mdn = 0.6206, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g3 (Mdn = 0.6174, n = 7) and gs
(Mdn = 0.6279, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g, (Mdn = 0.6194, n = 7) and g5
(Mdn = 0.6206, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g4 (Mdn = 0.6194, n = 7) and gg
(Mdn = 0.6279, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g5 (Mdn = 0.6206, n = 7) and gs
(Mdn = 0.6279, n = 7), W+ = 28.0, p = 0.008, r = 1.005

We also compare Otter-Knowledge (OK-LF) against the simple neural net-
work (SNN-LF), taking the average score across benchmarks for all the experi-
ments, both using a late fusion approach. Results of the Wilcoxon Signed-Rank
test indicate that there is a significant large difference between SNN — LF (Mdn
= 0.6341, n = 126) and OK — LF (Mdn = 0.6736, n = 126), W+ = 7,869.0, p
= 0.000, r = 0.846.

6.1.3 Intermediate Fusion vs Late Fusion

We compare each of the approaches (Otter-Knowledge, Simple Neural Network)
with intermediate fusion and with late fusion, taking the average score across
benchmarks for all the experiments.

Comparing Otter-Knowledge Intermediate Fusion (OK-IF) against Otter-
Knowledge Late Fusion (OK-LF), results of the Wilcoxon Signed-Rank test
indicate that there is a significant large difference between OK — I'F (Mdn =
0.6205, n = 39) and OK — LF (Mdn = 0.6704, n = 39), W+ = 528.0, p = 0.000,
r = 0.812.
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Comparing the Simple Neural Network Intermediate Fusion (SNN-IF) against
Simple Neural Network Late Fusion (SNN-LF), results of the Wilcoxon Signed-
Rank test indicate that there is a significant large difference between SNN — I F'
(Mdn = 0.5477, n = 39) and SNN — LF (Mdn = 0.6233, n = 39), W+ = 780.0,
p = 0.000, r = 1.129.

6.2 Wilcoxon Test - ADMET

We compute the mean result of each benchmark for all the models grouped by
the number of molecular modalities; gy is the group of models combining N
molecular modalities.

6.2.1 Intermediate Fusion

We report the results for the simple neural network architecture with interme-
diate fusion.

For the benchmarks using SCC as metric, results of the Wilcoxon Signed-
Rank test indicate that there is no statistically significant difference between
any pair of groups.

For the benchmarks using MAE as metric, results of the Wilcoxon Signed-
Rank test indicate that there is

e a significant large difference between g; (Mdn = 0.7600, n = 5) and go
(Mdn = 0.6744, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between g (Mdn = 0.7600, n = 5) and g3
(Mdn = 0.6667, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between g7 (Mdn = 0.7600, n = 5) and g4
(Mdn = 0.6591, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between go (Mdn = 0.6744, n = 5) and g3
(Mdn = 0.6667, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between go (Mdn = 0.6744, n = 5) and g4
(Mdn = 0.6591, n = 5), W+ = 0.0, p = 0.031, r = 0.963

Note that, for the benchmarks using MAE, the lower is the better, so results
above mean that, taking as example the first row, g, is lower than ¢;.

For the benchmarks using AUROC as metric, results of the Wilcoxon Signed-
Rank test indicate that there is

e a significant large difference between g; (Mdn = 0.8541, n = 7) and ¢
(Mdn = 0.8847, n = 7), W+ = 27.0, p = 0.016, r = 0.914

e a significant large difference between ¢g; (Mdn = 0.8541, n = 7) and g3
(Mdn = 0.8984, n = 7), W+ = 27.0, p = 0.016, r = 0.914
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e a significant large difference between g4 (Mdn = 0.8947, n = 7) and g3
(Mdn = 0.8984, n = 7), W+ = 27.0, p = 0.016, r = 0.914

For the benchmarks using AUPRC as metric, results of the Wilcoxon Signed-
Rank test indicate that there is

e a significant large difference between g7 (Mdn = 0.5926, n = 6) and go
(Mdn = 0.6331, n = 6), W+ = 21.0, p = 0.016, r = 0.987

e a significant large difference between ¢g; (Mdn = 0.5926, n = 6) and g3
(Mdn = 0.6354, n = 6), W+ = 21.0, p = 0.016, r = 0.987

e a significant large difference between g; (Mdn = 0.5926, n = 6) and g4
(Mdn = 0.6246, n = 6), W+ = 19.0, p = 0.047, r = 0.811

e a significant large difference between g, (Mdn = 0.6246, n = 6) and g3
(Mdn = 0.6354, n = 6), W+ = 20.0, p = 0.031, r = 0.879

6.2.2 Late Fusion

Here, we report the results for the simple neural network architecture with late
fusion.

For the benchmarks using SCC as metric, results of the Wilcoxon Signed-
Rank test indicate that there is no statistically significant difference between
any pair of groups.

For the benchmarks using MAE as metric, results of the Wilcoxon Signed-
Rank test indicate that there is

e a significant large difference between g; (Mdn = 0.7598, n = 5) and ¢
(Mdn = 0.7115, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between ¢g; (Mdn = 0.7598, n = 5) and g3
(Mdn = 0.6948, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between g; (Mdn = 0.7598, n = 5) and g4
(Mdn = 0.6864, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between g7 (Mdn = 0.7598, n = 5) and g5
(Mdn = 0.6812, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between g (Mdn = 0.7598, n = 5) and gg
(Mdn = 0.6776, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between go (Mdn = 0.7115, n = 5) and g3
(Mdn = 0.6948, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between g (Mdn = 0.7115, n = 5) and g4
(Mdn = 0.6864, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between go (Mdn = 0.7115, n = 5) and g5
(Mdn = 0.6812, n = 5), W+ = 0.0, p = 0.031, r = 0.963
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e a significant large difference between go (Mdn = 0.7115, n = 5) and gs
(Mdn = 0.6776, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between gs (Mdn = 0.6948, n = 5) and g4
(Mdn = 0.6864, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between g3 (Mdn = 0.6948, n = 5) and g5
(Mdn = 0.6812, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between g3 (Mdn = 0.6948, n = 5) and gg
(Mdn = 0.6776, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between g4 (Mdn = 0.6864, n = 5) and g5
(Mdn = 0.6812, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between g4 (Mdn = 0.6864, n = 5) and gg
(Mdn = 0.6776, n = 5), W+ = 0.0, p = 0.031, r = 0.963

e a significant large difference between g5 (Mdn = 0.6812, n = 5) and gg
(Mdn = 0.6776, n = 5), W+ = 0.0, p = 0.031, r = 0.963

Note that, for the benchmarks using MAE, the lower is the better, so results
above mean that, taking as example the first row, go is lower than ¢;.

For the benchmarks using AUROC as metric, results of the Wilcoxon Signed-
Rank test indicate that there is

e a significant large difference between g7 (Mdn = 0.8545, n = 7) and go
(Mdn = 0.8886, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between ¢g; (Mdn = 0.8545, n = 7) and g3
(Mdn = 0.9005, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between ¢g; (Mdn = 0.8545, n = 7) and g4
(Mdn = 0.9068, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g; (Mdn = 0.8545, n = 7) and g5
(Mdn = 0.9106, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g; (Mdn = 0.8545, n = 7) and gs
(Mdn = 0.9134, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g (Mdn = 0.8886, n = 7) and g3
(Mdn = 0.9005, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g (Mdn = 0.8886, n = 7) and g4
(Mdn = 0.9068, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g (Mdn = 0.8886, n = 7) and g5
(Mdn = 0.9106, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between go (Mdn = 0.8886, n = 7) and gs
(Mdn = 0.9134, n = 7), W+ = 28.0, p = 0.008, r = 1.005
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e a significant large difference between g3 (Mdn = 0.9005, n = 7) and g4
(Mdn = 0.9068, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g3 (Mdn = 0.9005, n = 7) and g5
(Mdn = 0.9106, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g3 (Mdn = 0.9005, n = 7) and gs
(Mdn = 0.9134, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g4 (Mdn = 0.9068, n = 7) and g5
(Mdn = 0.9106, n = 7), W+ = 28.0, p = 0.008, r = 1.005

e a significant large difference between g4 (Mdn = 0.9068, n = 7) and gg
(Mdn = 0.9134, n = 7), W4 = 28.0, p = 0.008, r = 1.005

e a significant large difference between g5 (Mdn = 0.9106, n = 7) and gg
(Mdn = 0.9134, n = 7), W+ = 28.0, p = 0.008, r = 1.005

For the benchmarks using AUPRC as metric, results of the Wilcoxon Signed-
Rank test indicate that there is

e a significant large difference between ¢g; (Mdn = 0.6171, n = 6) and go
(Mdn = 0.6700, n = 6), W+ = 21.0, p = 0.016, r = 0.987

e a significant large difference between g (Mdn = 0.6171, n = 6) and g3
(Mdn = 0.6899, n = 6), W+ = 21.0, p = 0.016, r = 0.987

e a significant large difference between g7 (Mdn = 0.6171, n = 6) and g4
(Mdn = 0.7007, n = 6), W+ = 21.0, p = 0.016, r = 0.987

e a significant large difference between g; (Mdn = 0.6171, n = 6) and g5
(Mdn = 0.7076, n = 6), W+ = 21.0, p = 0.016, r = 0.987

e a significant large difference between g; (Mdn = 0.6171, n = 6) and gs
(Mdn = 0.7122, n = 6), W+ = 21.0, p = 0.016, r = 0.987

e a significant large difference between g (Mdn = 0.6700, n = 6) and g3
(Mdn = 0.6899, n = 6), W+ = 21.0, p = 0.016, r = 0.987

e a significant large difference between g (Mdn = 0.6700, n = 6) and g4
(Mdn = 0.7007, n = 6), W+ = 21.0, p = 0.016, r = 0.987

e a significant large difference between g (Mdn = 0.6700, n = 6) and g5
(Mdn = 0.7076, n = 6), W+ = 21.0, p = 0.016, r = 0.987

e a significant large difference between g (Mdn = 0.6700, n = 6) and gg
(Mdn = 0.7122, n = 6), W+ = 21.0, p = 0.016, r = 0.987

e a significant large difference between g3 (Mdn = 0.6899, n = 6) and g4
(Mdn = 0.7007, n = 6), W+ = 21.0, p = 0.016, r = 0.987
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a significant large difference between g3 (Mdn = 0.6899, n = 6) and g5
(Mdn = 0.7076, n = 6), W+ = 21.0, p = 0.016, r = 0.987

a significant large difference between g3 (Mdn = 0.6899, n = 6) and gs
(Mdn = 0.7122, n = 6), W+ = 21.0, p = 0.016, r = 0.987

a significant large difference between g4 (Mdn = 0.7007, n = 6) and g5
(Mdn = 0.7076, n = 6), W+ = 21.0, p = 0.016, r = 0.987

a significant large difference between g, (Mdn = 0.7007, n = 6) and gg
(Mdn = 0.7122, n = 6), W+ = 21.0, p = 0.016, r = 0.987

a significant large difference between g5 (Mdn = 0.7076, n = 6) and gg
(Mdn = 0.7122, n = 6), W+ = 21.0, p = 0.016, r = 0.987

6.2.3 Intermediate Fusion vs Late Fusion

When comparing the simple neural network architecture using intermediate
fusion against the simple neural network architecture using late fusion, the
Wilcoxon Signed-Rank test indicate that there is no statistically significant dif-
ference between any pair of groups, for any of the metrics.
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Supplementary Table 3: Statistics of DTI benchmarks used.

Train Test
Dataset DTT Pairs  Drugs Proteins DTI Pairs Drugs Proteins
DG 183430 117,103 428 49,028 34,185 248
Davis Drug 17,813 47 379 14 68 379
Davis Target 18,020 68 265 5,168 68 76
Davis Random 18,041 68 379 5,154 68 379
Kiba Drug 82,539 1447 229 23,095 414 228
Kiba Target 82,326 2,068 160 23,196 46 229
Kiba Random 82,360 2,068 229 23,531 2021 228
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Supplementary Table 4: Overview of ADMET benchmarks. Absorption mea-
sures how a drug travels from the site of administration to site of action. Drug
distribution refers to how drug moves to and from the various tissues of the
body and the amount of drugs in the tissues. Drug metabolism measures how
specialized enzymatic systems breakdown the drugs and it determines the du-
ration and intensity of a drug’s action. Drug excretion is the removal of drugs
from the body using various different routes of excretion, including urine, bile,
sweat, saliva, tears, milk, and stool. Toxicity measures how much damage a
drug could cause to organisms.

Class Dataset Size Task Metric Data§ ot
Split
Caco2 906 Regression MAE Scaffold
Absorption  HIA 578 Binary AUROC  Scaffold
Pgp 1,212 Binary AUROC  Scaffold
Bioav 640 Binary AUROC  Scaffold
Lipo 4,200 Regression MAE Scaffold
AqgSol 9,982  Regression MAE Scaffold
BBB 1,975 Binary AUROC  Scaffold
Distribution PPBR 1,797  Regression MAE Scaffold
VDss 1,130  Regression Spearman Scaffold
C;fl EinCQ 12,002 Binary  AUPRC  Scaffold
Metabolism CYP 215 6

. 13,130 Binary AUPRC  Scaffold

Inhib.
CYP.BA4 12,328 Binary AUPRC  Scaffold

Inhib.
CYP2C9 666 Binary ~ AUPRC  Scaffold

Subs.
CYP2D6 664 Binary AUPRC  Scaffold

Subs.
CYP3A4 667 Binary AUROC  Scaffold

Subs.

Half Life 667 Regression Spearman Scaffold
Excretion CL-Hepa 1,020 Regression Spearman Scaffold
CL-Micro 1,102  Regression Spearman Scaffold

LD50 7,385  Regression MAE Scaffold
Toxicity hERG 648 Binary AUROC  Scaffold
Ames 7,255 Binary AUROC  Scaffold
DILI 475 Binary AUROC  Scaffold
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Supplementary Table 5: Impact of adding sequence-based modalities
(SMILES/SELFIES) across different experimental configurations in the DG
dataset using the FFNN-IF architecture. Columns correspond to different
sequence-based models.

Original MOLF  SMI CB MG

MF 0.559 0.572  0.560 0.572 0.570
IMC - MF 0.554 0.553  0.547 0.551 0.551
MF - UM 0.542 0.565 0.558 0.568 0.570

IMC - MF - UM 0.548 0.559  0.557 0.557 0.554

Supplementary Table 6: SotA results compared to our experiments - DTT Group.
[OK: Otter Knowledge, IF: Intermediate Fusion, LF: Late Fusion]

Dataset Our results Reported SotA
DG ror gﬁf‘l%o - 0.588 (0.002)
(PCC; Max is better) W Reported in [6]
CB-IMC-UM
. 0.693
Kiba Target For FFNN-LF with No leaderboard.

(PCC; Max is better) IMC-MF-MG-MOLF

0.722
For OK-LF with No leaderboard.
IMC-MF-MOLF-SMI-UM

Kiba Drug
(PCC; Max is better)

0.901
For OK-LF with No leaderboard.
CB-IMC-MOLF-UM

Kiba Random
(PCC; Max is better)

0.661
For OK-LF with No leaderboard.
CB-IMC-MF-MOLF-SMI-UM

Dayvis Target
(PCC; Max is better)

Davis Drug For FF(I)\I#TI%F with No leaderboard
(PCC; Max is better) MG-UM

_ 0.876
Davis Random For OK-LF with No leaderboard.

(PCC; Max is better) IMC-MF-MOLF-UM
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Supplementary Table 7: SotA results compared to our experiments - Absorption
[OK: Otter Knowledge, IF: Intermediate Fusion, LF: Late Fusion]

Dataset Our results Reported SotA

0.72
For FFNN-LF with
IMC-MOLF-UM

Bioavailability ma
(AUROC; Max is better)

0.942 (0.002)
Reported in [10]

Bbb martins 0-92 0.924 (0.003)

. For FFNN-LF with .
(AUROC; Max is better) CBIMC-MOLF-UM Reported in [10]

0.76
Caco2 wang . 0.256 (0.006)
(MAE; Min is better) For FFI\;}EIF with Reported in [12]
. 0.99
E&%}f{%lc- M s better)  FOF FENN-LE with 13'99?; ((?'.00[?())]
; Max is better MF-MG-MOLF eported in
Pgp broccatelli 0.93 0.938 (0.002)
. For FENN-IF with ) )
(AUROC; Max is better) MFE-MOLF Reported in [14]
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Supplementary Table 8: SotA results compared to our experiments - Metabolism

[OK: Otter Knowledge, IF: Intermediate Fusion, LF: Late Fusion]

Dataset

Our results

Reported SotA

Cyp2c9 substrate carbonmangels
(AUPRC; Max is better)

Cyp2c9 veith
(AUPRC; Max is better)

Cyp2d6 substrate carbonmangels
(AUPRC; Max is better)

Cyp2d6 veith
(AUPRC; Max is better)

Cyp3a4 substrate carbonmangels
(AUROC; Max is better)

Cyp3a4 veith
(AUPRC; Max is better)

0.46
For FFNN-IF with
MF-SMI

0.78
For FFNN-IF with
MF-MOLF

0.73
For FFNN-IF with
MF

0.70
For FEFNN-LF with

IMC-MF-MG-MOLF-UM

0.75
For FFNN-LF with
IMC-MF-SMI

0.87
For FFNN-LF with
CB-IMC-MF-MOLF

0.474 (0.025)
Reported in [10]

0.859 (0.001)
Reported in [14]

0.736 (0.024)
Reported in [7]

0.790 (0.001)
Reported in [14]

0.667 (0.019)
Reported in [9)

0.916 (0.000)
Reported in [14]
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Supplementary Table 9: SotA results compared to our experiments - Excretion
[OK: Otter Knowledge, IF: Intermediate Fusion, LF: Late Fusion]

Dataset Our results Reported SotA
0.50

gecaéfarf\ze h?pitotiy t)e 4 For FENN-IF with ?{536 t(g.pzt[)g)]
; Max is better MF-MOLF-UM eported in

Clearance microsome a 0.62 0.630 (0.010)

(SCC: Max is better) “ For FENN-IF with o °>" " 4]
; Max is better MF-MOLF-UM eported in

Half life obach 0.62 0.576 (0.025)

(SCC; Max is better) For FFNN-LF with R. ¢ d.' 9]
; Max is better MF-MOLF eported in

Supplementary Table 10: SotA results compared to our experiments - Physico-
chemical and distribution. [OK: Otter Knowledge, IF: Intermediate Fusion, LF:
Late Fusion]

Dataset Our results Reported SotA
i s pENN I (450 (0008)
Z\I/)IIXES;LZMin is better) For FFL’l\?l\l\/{—E F with gegzlie((?nllo[el;é)l]
Solubility agsoldb For FF;HZITIF with 0.741 (0.013)
(MAE; Min is better) SMI Reported in [10]
Vdss lombardo 0-69 0.713 (0.007)

For FFNN-LF with

(SCC; Max is better) CB-MF-SMI

Reported in [14]
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Supplementary Table 11: SotA results compared to our experiments - Toxicity
[OK: Otter Knowledge, IF: Intermediate Fusion, LF: Late Fusion]

Dataset Our results Reported SotA
0.85
Ames . 0.871 (0.002)
. For FENN-IF with .
(AUROC; Max is better) MF-MOLF Reported in [21]
Dili 0.94 0.956 (0.006)

For FFNN-LF with

(AUROC; Max is better) Reported in [10]

MF-MOLF-UM
0.87
Herg . 0.880 (0.002)
. For FEFNN-IF with .
(AUROC; Max is better) MEMCG-UM Reported in [14]
Ld50 zhu 0.75 0.552 (0.009)

For FFNN-IF with

(MAE; Min is better) SMI

Reported in [§]
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