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Abstract

Identifying drug-drug interactions (DDIs) is critical for ensuring drug safety and
advancing drug development, a topic that has garnered significant research interest.
While existing methods have made considerable progress, approaches relying
solely on known DDIs face a key challenge when applied to drugs with limited data
(e.g., novel and few-shot drugs): insufficient exploration of the space of unlabeled
pairwise drugs. To address these issues, we innovatively introduce S2VM, a Self-
supervised Visual pretraining framework for pair-wise Molecules, to fully fuse
structural representations and explore the space of drug pairs for DDI prediction.
S2VM incorporates the explicit structure and correlations of visual molecules, such
as the positional relationships and connectivity between functional substructures.
Specifically, we blend the visual fragments of drug pairs into a unified input for
joint encoding and then recover molecule-specific visual information for each
drug individually. This approach integrates fine-grained structural representations
from unlabeled drug pair data. By using visual fragments as anchors, S2VM
effectively captures the spatial information of local molecular components within
visual molecules, resulting in more comprehensive embeddings of drug pairs.
Experimental results show that S?VM achieves state-of-the-art performance on
widely used benchmarks, with Macro-F1 score improvements of 4.21% and 3.31%,
respectively. Further extensive results and theoretical analysis demonstrate the
effectiveness of S?VM for both few-shot and novel drugs. The code and data are
available at https://github.com/xiaomingaaa/S2VM.

1 Introduction

Combinatorial therapy, which involves the simultaneous use of multiple drugs, is a promising strategy
for treating patients with complex diseases [1, [2]. However, this approach poses challenges due
to potential drug-drug interactions (DDIs) that can alter the intended therapeutic outcomes. When
patients take multiple drugs at the same time, these interactions can result in unexpected side effects
or diminished clinical efficacy [3| 4]. Therefore, accurately predicting DDIs is essential to avoid
potential adverse effects, making it a critical task in the common therapeutic field [S]. Despite
ongoing efforts, predicting these interactions remains a significant challenge.

Numerous computational prediction methods have been developed to address these challenges to
predict unknown drug-drug interaction (DDI) events [6} 4, [7]. Many of these methods use handcrafted
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features (e.g., molecule structug 9, 1], side effects 0], and phenotypic similarity]1]) to repre-

sent each drug for predicting potential DDIs. However, these methods rely heavily on expert domain
knowledge to design these features accurately. To address this, some approaches use deep learning
models to extract low-dimensional features from molecular sequences, learning representations
from SMILES in an end-to-end mannetrZ, 13]. Additionally, to represent drug structures from a
functional perspective, several workisd] 15, 16] extract molecular substructures and employ graph
neural networks to model the associations between drug pairs, resulting in promising predictive
performance. However, they primarily focus on molecular features, neglecting other biological
entities involved in drug interaction events, such as proteins, pathways, and diseases, which are
crucial to identifying DDIs. Recent workd ¥, 18, 19, 20, 21, 22, 23] have taken advantage of the se-
mantic relations and topological structures of biomedical knowledge graphs to improve the structural
representation of molecules for accurate prediction of DDI. While these methods have achieved some
improvements, they primarily predict unknown DDIs by learning drug representations from known
DDIs, which are limited to novel and few-shot drugs due to the challelimgéed exploration for the

space of drug pairs from huge unlabeled data illustrated in Figure 1, previous methods mainly
represent drug pairs by concatenating the molecular embeddings from individual drug encoders,
which were trained on existing DDIs (Figure 1a), resulting in weak structural fusion and exploration
capabilities for broad unknown drug pairs. We provide a more detailed discussion in Appendix C.1.

To address these limitations,

we propose a self-supervised

pretraining framework (called

S?VM) to learning from over

200M drug pairs, designed to

encode input drugs jointly by

capturing both intrinsic struc-

tures and extrinsic interactions

between molecules. Speci cally,

S’VM rst samples and blends

input drugs based on their lo-

cal visual fragments for joint

encoding by the drug encoder.

Then, $VM introduces a de-

coder to reconstruct the origFigure 1: (a) 8VM explores a comprehensive space of drug pairs
inal visual structure of input for existing drugs. (b) The self-superviset\&/ shows superior
molecules from the blended repperformance and representations.

resentation. This reconstruction

process establishes structural cor-

relations between input drugs using molecular visual information in a self-supervised manner. The
pretrained encoder is subsequently adopted for DDI prediction. Empirical observations (Figure 1b)
and theoretical (Section 4.2) analysis indicate tHfat)8 is designed for effective structural represen-
tation of drug pairs, exhibiting superior exploration capabilities compared to the visually pretrained
molecule representation model ImageM®f][ Our contributions include: (1) To the best of our
knowledge, we are the rst to develop a self-supervised pretraining model based on large-scale
unlabeled drug pairs that jointly encodes the visual structural relations of drug pairs for DDI predic-
tion. (2) By representing the blended visual fragments of observed paired molecules and recovering
their original visual structures ?§M effectively captures extrinsic relations and intrinsic structures
between molecules from both experimental and theoretical perspectives. (3) Through theoretical
analysis and empirical validation, we demonstrate tRat\Beffectively integrates visual structural
relationships across diverse drug pairs, achieving state-of-the-art performance in DDI prediction
under various scenarios.

2 Related Work

Drug Interaction Prediction. Identifying potential drug interaction events is crucial to drug discovery.
Some works mainly adopt handcraft features of molecules to predict unknown BBis However,
these handcraft features are limited by reliance on domain knowledge of @%d97], suffering
from low expressive abilityd6]. DeepDDI [L2] and CASTER [3] utilize deep learning models to



mine low-dimensional representations of drugs and predict the interaction associations between input
drug pairs. Further, SSI-DDLH], SA-DDI [27], and DSN-DDI [L6] proposed substructure-based
GNN and fused the representation of molecules based on substructures adaptively. However, these
methods overlook the drug-related knowledge from biomedical netw@tk4}]. To model the
structure of molecules and the interactive information of drugs, MUFEBgnd SumGNN 19|

adopt GNN PR8] to represent the molecular structure and the relational semantics of the biomedical
knowledge graph. To further represent the interactive association between drugs, MRGHN]

TIGER [22] utilized a shared encoder with a contrastive learning mechanism to integrate the structural
information of molecules and the information of multi-relational DDI events. However, they learn
separate drug inputs from known DDIs, limited by modeling the structural relations between them.
We innovatively designed a self-supervised pretraining framework to introduce a uni ed model to
represent huge unlabeled drug pairs jointly.

Representation of Visual Molecules.The molecular images are intuitive in representing spatial
information such as the positional relations and connectivity between functional substructures. Some
researchers consider representing molecules as images and adopting computer vision techniques to
extract features for chemical properties predictid® B0]. To effectively understand the structural
information of visual molecules, ImageMd4] proposed a pretraining model based on molecular
images to learn representation from 10 million molecules. To enhance the image representation
of visual molecules, CGIP3f] is further proposed to model the molecular graphs and images

in a contrastive manner. Although vision-based molecular representation has shown excellent
performance, these methods are limited to modeling the paired molecules simultaneously. In this
paper, we design a novel architecture to pretrain a uni ed encoder for representing the paired drugs.

3 Preliminaries

Background. In this paper, we use RDKIit to convert molecular SMILEZ][into visual molecules

(i.e., 2D images). The molecular images contain more spatial information (e.g., the positional rela-
tionships between functional groups and atoms), which are intuitive and informative for representing
molecules. Therefore, we consider molecular images as our inputs.

Structure-level Visual Pretraining. In order to explore the structure-level representation fusion of
drugs, we design a self-supervised pretraining framework based on visual fragments. Speci cally, the
framework is in an encoder-decoder architecture, which contains a transformer-based Enander
decodel” . Given a pair of drugéd,; d,), whered, 2 R* W € andd, 2 R" W C are the visual
molecules converted by RDKit, our goal is to learn the structural fusion embeégdiras follows:

z = F(blend(dy;dv)); &u; 4, = F(2);
2:argmin ( du;au)"' ( dv;av); (1)

where(H; W; C) is the resolution of input images and the pretrained encbdisradopted to embed
inputs for downstream DDI prediction.

Problem De nition. We focus on predicting the potential drug interaction events between drugs. The
prediction is achieved by blending input drug pairs and fusing the substructure-based representation
based on visual molecules. We formulate the visual-based DDI prediction as a multi-classi cation
task, aiming to estimate the probability of corresponding interaction events. Speci cally, given a
pair of drugs(d,; dy), we propose a model to identify the interaction event denoteggag, ) =

((du;dy)j F).

4 Method

4.1 Proposed 3VM

Overview. S?VM aims to learn the essential representations of input drugs (i.e., a pair of molecules)
that possess inherent connections while appearing distinctive between different molecules. Speci -
cally, VM proposes an image-based self-supervised framework to pretrain a uni ed encoder for
representing a pair of molecules. As illustrated in Figure?®/\ mainly consists of four compo-
nents: (a)Structure-level encodingnodule encodes the input drugs into a sequence of visual tokens;



Figure 2: $VM consists of four components: (a) To fuse the drug pairs into uni ed input, we sample
and blend them into structural tokens (i.e., fragments of visual molecules); (b) We feed the structural
tokens into a vision-based Encoder-Decoder to model the semantic relations of molecular fragments;
(c) To promote the structural fusion of drug pairs, we set a reconstruction operation to recover the
input drugs; (d) The pretrained encoder is adopted to predict potential drug interactions.

(b) ThePairwise Drug Encoder-decodearchitecture embeds the sequence of visual tokens; (c) We
introduce a self-supervised objectiveremonstructoriginal molecular images; (d) The pretrained
encoder is used to represent a pair of drugi prediction

Structure-level Encoding. In the context of molecules, the local substructures are the common
intrinsic attributes across different molecules. Based on this, we leverage the substructures as anchors,
to represent a pair of drugs in a ne-grained manner, blending molecular local structures in the early
stage. Speci cally, we proposeStructure-level Encodingnodule to blend molecules at the structure
level (Figure 2a). Given the input dru@d, ; d,), to focus on the local structure of molecules, we split
them into a matrix of visual fragmenk$, 2 R™ " andM, 2 R™ ", wherem = H=P,n = W=P,

(P; P; C) is the resolution of each fragment, aNd= HW=P 2 indicates the number of fragments.

To deeply fuse the structures of input drugs, we design a sampling strategy tdvbleaddM ,

into one fused matrid ey 2 RN, which is then fed into a single image encoder for molecule
representation. We de ne a binomial distributiSrwith a probability vectop = ( py; p2). For each
fragmentofM . ,(0 i<m; 0 j<n)inthe fused matrix, we samp#d 2 f 1; 2g following

the probability distributiorp, determining the corresponding element of the blended matrix:

" MU ifst =1
Ml = U
! MJI  otherwise

)

where each element in positi¢ipj ) are randomly selected froM | andM i . According to this

process, the extrinsic and intrinsic relations of local structures across molecules are blended into a
single structure-blended mat, ¢ . We then inject the blended matiit, s into a sequence of

visual tokens¢; 2 RN (P €), whereC denotes the number of channels. The tokenized sequgnce

is represented by a transformer-based encoder that mines the semantics between the local structures
of blended molecules.

Pairwise Drug Encoder-DecoderWe utilize an encoder-decoder architecture to embed the visual
tokensx; into hidden space and decode the latent embedding for the reconstruction of molecular
images. To effectively model the semantic relations of local structures withime apply standard
ViT [33] as our encodeF (i.e., 12 blocks of ViT). Following ViT, we prepend a learnable embedding
Xas 2 R? (P C) to the sequence of embedded tokenswhose state at the output of the encoder
F serves as the representation of input drugs. Speci cally, the forward process of the encoder is as
follows:

20 = [Xas W i X{ W XEW 5200 xg W]+ WSS

z? = MSA(LayerNorm( z; 1))+ 2z 1; (3)

z = MLP(LayerNorm( z?)) + z°:
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where thew 2 R(P* ©) dim angyy one 2 RIN*D) - dim are the trainable parameters and positional
embeddingMSA represents the multiheaded self-attention. Alftéayers of iterations, we obtain
the fused latent embeddirzy . To further the structural fusion of input drugs, we fegdinto a

lightweight decodeF" (i.e., 4 blocks of ViT) for molecule reconstruction. Similar to the encoder, the
reasoning process of decoderis de ned as follows:

- dec.
eO - ZL + Wposy

e’ = MSA(LayerNorm( e 1))+ € 1; 4)
e = MLP(LayerNorm( €)) + €.

whereW goc 2 R(N*D  dm denotes the positional embedding of the decoderepr@ RN 1) dim

is the decoded representation By Then the decoded embeddiagis input into two heads for
image reconstruction, described in the next section. The decoder is only used during pretraining
to reconstruct the original molecular images, and the encoder is adopted for the downstream DDI
prediction task.

Drug Reconstruction. S?VM introduces a reconstruction objective, recovering the original molecular
imagesd, andd, from e by predicting the pixel value of each missing patch within the target
molecule. Speci cally, we introduce two linear projections to scale the latent embeedidg ned

as follows:
hy = efl:;]EL+ by; 5
hy = e[l::]E; + by ®)

whereE; 2 R (P* C) andE, 2 RY™ (P* C) represent learnable parametdrs.2 RN (P* ©)
andh, 2 RV (P” ) denote the constructed latent embedding, which then is reshaped to form

the reconstructed molecular imagisandd,. As depicted in Eq. (5), to emphasize the visual
information in molecules, we remove the glopahss] token (i.e.,g [0]) ase[1: ;]. Subsequently,
we introduce a mean squared error (MSE) as our loss function to optimize the reconstruction process:

“rec = MSE(dy;d,)+MSE(dy;4)): (6)
By minimizing " during pretraining, we can obtain a uni ed encoder to represent the paired drugs.

Downstream DDI Prediction and Optimization. We consider the DDI prediction a multi-class
classi cation task. Given a predicted drug péik, ; d,), we use the structure-level encoding module
to convert it into a sequencg of visual tokens. We then feed them into the pretrained endeder
and obtain their latent embeddiag To focus on the global representation of the drug pair, we adopt
the embedding ofclass] tokenz[0; : ] to predict the interaction probability of the given drug pair as

follows:
Yidu:d) = (MLP(Z[O;:])); (7)
where () is the softmax activation function. We then utilize the cross-entropy loss:
X
pre = Iog(vé(du ;dv))yz(du dy) : (8)
k2K

whereK is the number of DDI event types aggj, .,) represent the ground truth.

4.2 Theoretical Analysis

In this section, we present a theoretical perspective based on mutual information maximBg4ta&h [

to understand better the effectiveness ¥8. Given a pair of druggd,;dy), as described in
Structure-level Encodingnodule, they are randomly partitioned into two parts, represented as
du =[A1;Az]andd, =[B1;B>]. Ai shares identical indexes of visual fragments Viithi 2 f 1;2g

and the blended matrix is denotedMsge v = [A1;B2].

Proposition 1 (Mutual Information Maximization) S?VM represents input molecules with structure-
level encoding into latent space and then recovers them, maximizing the lower bound of the mutual
information: Esl (A2; A1;B2) + 1 (B1;A1; B2): The proof is detailed in Appendix A.1.

Proposition 2 (Objectives of Pretraining Process)The mutual informatiord (Az;A1;B>) +
I (B1;A1;B2) can be decomposed inxtrinsic and intrinsic objectives: (1) contrastive and



generative between input drugs, and (2) recover missing visual fragments for each m(ilec\tg.
(9)). The proof refers to Appendix A.2.

%[l (A1;B1) 3'7 I (A, Bzg + l (A1;B4jB>) {+Z I (Az; BZjAlg]

contrastive and generative conditional contrastive and generative

9
1 . .

+ E[l (A1;A2) {*Z 1 (By; Bz? + | (A1,A2]B2) 3'7 1 (B1; BzJAlg]

recovery conditional recovery

Based on the above propositions, we conclude thetshastwo strengthsin embedding paired
molecules: (i) 8VM using contrastive and generativ@bjectives can learn ner-grained associations
(e.g., structural interactions between different molecules) from large-scale paired drugs, which
improves the generability of molecular representations (i.e., Extrinsic Relations)?\ijl 8an
effectively model the relationship between local structures within a molecule througéctheery
of missing visual fragments, which helps to enhance the structural representation of the molecule
(i.e., Intrinsic Structure). In conclusion?8M effectively enhances downstream DDI prediction by
modeling paired molecular representation from both external and internal perspectives.

5 Experiments

In this section, to evaluate the effectiveness®f 8, we carefully consider the followingey research
questionsQ1: Does $VM outperform SOTA baselines on DDI prediction across various scenarios?
Q2: Are the designed self-supervised pretraining architecture and uni ed encoder effé@8v€an
S?VM achieve superior performance in new drugs and explore structural mechanisms for DDIs?

5.1 Experimental Settings

Datasets.To evaluate our 3/M, we adopt widely-used datasets: (¢ng's datasef36] contains

65 types of DDI events with a total of 37,264 DDIs among 570 drugsR{&)'s datasefi.e.,
DrugBank) [L2] includes 86 types of DDI events with a total of 191,570 DDIs between 1,700
drugs, and (3YWOSIDES37] has 604 drugs and 252,111 for 200 event types. Further, following
MRCGNN [21], we count the number of DDI instances involving each DDI event as event frequency
and split these DDI events into two groups for few-shot settifrgar@ndRare). We present event
types and corresponding proportions in each group in Appendix B.1. The TWOSIDES is adopted
to evaluate the performance of\8M in emerging drugs. Speci cally, we adopt two strategi€4:
setting, determining the interaction type between an emerging drug and an existing dr&g, and
setting, predicting the interaction type between two new drigspretraining , we adopt 200,000
molecules from PubChem to construc200M pairs of drugs. Refer to Appendix B.1 for details.
Each molecule is transformed into a molecular image through a standardized and reproducible
pipeline, which serves as the visual input to our model, as detailed in B.1.

Evaluation. Following MRCGNN R1], we split Deng's and Ryu's datasets into training, validation,
and test sets with a ratio of 7:1:2, ensuring that each set contains DDI events from all interaction
types. We treat the prediction on Deng's and Ryu's datasets as a multi-class classi cation task,
employing Accuracy, Macro-F1, Macro-Recall, and Macro-Precision as our evaluation metrics in
both common and few-shot scenarios. In the TWOSIDES dataset under the inductive setting, a drug
pair may exhibit multiple interaction types. The task here is to predict whether a speci ¢ type of
interaction would occur between the paired drugs using a binary classi cation setting. So we utilize
the Accuracy and ROC-AUC metrics on the TWOSIDES datasets. In addition, we select the best
model on the validation set based on Macro-F1 for the multi-class classi cation task and ROC-AUC
for the multi-type classi cation task. Table 1 reports the average results from ve runs on the test set.

Implementation Details. For the pretraining process, we set the learninglrate1:5 10 4, the
number of iterations a; 000, the size of the molecularimaged24 224 3, the size of the visual
fragmentislé 16 3, and the numbers of transformer layers in the encoder and decodet ane

4, respectively. For the downstream DDI prediction task, we set the learniny raté 10 ° and

the number of iterations d€90. The image and fragment sizes remain consistent with the pretraining
process. The encoder's weights are frozen and utilized to model the representation of DDI pairs.
We providehyperparameter analysisin Appendix C. All experiments are conducted on the Linux
server with one RTX 3090 (24GB RAM) or RTX 2080Ti (12GB RAM) (refer to Appendix B.2).



Table 1: Results of 8/M and baselines for drug interaction prediction on two datasets. We mark the
best score with a bold font and the second best with an underline.

Method Deng's dataset Ryu's dataset

ACC. Macro-F1 Macro-Rec. Macro-Pre. ACC. Macro-F1 Macro-Rec. Macro-Pre.
DeepDDI 78.07 60.55 58.39 66.11 93.23 86.43 85.12 89.28
SSI-DDI 78.66 42.16 38.96 51.39 90.08 66.63 62.87 75.07
MUFFIN 82.69 52.45 48.44 62.04 95.10 85.66 83.39 89.80
KGNN 85.57 72.62 69.87 77.14 9231 83.77 83.91 89.81
GoGNN 87.66 69.38 68.41 73.16 94.24 85.89 84.51 89.49
MRCGNN  89.79 77.91 76.88 81.01 95.67 88.94 87.27 92.21
CGIP 87.57 76.33 76.41 81.72 93.35 85.72 87.65 88.47
ImageMol  88.75 77.83 76.13 82.7291.74 87.57 86.62 89.93
CSSE-DDI  82.90 63.46 61.19 70.05 90.90 87.21 85.64 89.82
FVYM 91.05 82.12 79.31 85.42 95.86 92.07 91.48 94.31
Impr. (%) "1.26 "3.83 "2.43 "2.70 "0.19 "3.13 "4.21 "2.10

Table 2: Results comparison on the few-stadile 3: Performance comparison on the few-shot

Deng's dataset. Ryu's dataset.

Few Setting Rare Setting Few Setting Rare Setting

Method  Acc Macro-F1 ACC. Macro-F1  Method  acc™ Macro-F1 ACC.  Macro-FL
DeepDDI 47.18 41.91 36.36 31.86 DeepDDI 65.17 62.32 42.43 37.23
SSI-DDI 64.40 61.73 41.17 38.04 SSI-DDI 72.21 71.15 56.17 52.37
META-DDIE  76.85 7412 55.13 51.01 META-DDIE 84.06 79.25 69.58 64.21
MRCGNN 81.89 79.92 47.27 43.75 MRCGNN 90.16 89.06 66.67 61.21
ImageMol 87.12 89.76 63.69 66.67 ImageMol 95.21 91.56 92.72 92.03
VM 91.53 91.76 68.54 73.33 VM 99.51 95.37 99.23 98.44
Impr. (%) "2.91 "2.0 "3.6 "6.66  Impr. (%) "4.30 "3.81 "6.51 "6.41

Baselines. To evaluate the performance of\BM, we compare it with several SOTA methods:
the descriptor-basedeepDDI [12], the molecular structure-bas&$1-DDI [14], the biomedical
knowledge graph basédGNN [17], the molecular substructure together with DDI-related biomedical
knowledgeMUFFIN [18], GoGNN [38], MRCGNN [21], andCSSE-DDI[23], and the image-based
molecule representation methddsageMol [24] and CGIP [31]. Additionally, we include scenario-
speci ¢ methodsMETA-DDIE [39] for the few-shot scenario arBiTNN-DDI [40] together with
CSMDDI [25] for the inductive scenario. Refer to Appendix B.3 for more details.

5.2 Main Results (Q1)

In response t@1, we design various experiments to evaluat¥|@ in different scenarios.

Comparison with BaselinesWe present the absolute performance gains’?d\%and baselines for
predicting DDIs in Table 1. As shown in Table 1, we observe tRat\& achieves the best results in

the DDI prediction task on both Deng's and Ryu's datasets. Speci callyMsimproves the Macro-

F1 and Macro-Rec. by at least 4.21% and 2.43% respectively on Deng's dataset, and achieves the
3.13% and 4.21% absolute increase over the best baseline on Ryu's dataset. Furthermore, we have the
following observations: (1) Compared with DeepDDI and SSI-DDI, which focus solely on modeling
molecular structures, KGNN, which utilizes local semantic relations of drug entities, performs better.
This suggests that DDI-related semantics are more effective than molecular structures alone in
predicting potential DDIs. (2) Compared with KGNN, MRCGNN, which leverages both the semantic
relations of drug interaction networks and molecular structures, achieves better performance. This
indicates that integrating DDI-related semantics with molecular structures enhances the prediction
task. (3) Compared with MRCGNN, CGIP, and ImageMol, which mine visual information (e.g.,
positional relations of functional substructures) from separate molecular images, show comparable
results on both Deng's and Ryu's datasets. This demonstrates the potential of visual molecular
information in predicting unknown DDIs. (4)°8M, which considers paired drugs as a uni ed

input for joint encoding and explores a wide space of drug pairs using self-supervised pretraining,
outperforms all other methods, especially the methods based on semantic relations together with
molecular structure. This demonstrates that ner-grained structural fusion and exploration of broad
drug pairs can effectively capture the extrinsic and intrinsic associations between drugs.



Few-shot ScenarioTo investigate the effectiveness g8V on the few-shot DDI prediction task, we
design two subsets (See Table 1 in Appendix B.1) Wétv SettingandRare Settindrom Deng's and

Ryu's datasets, respectively. The results 8l on these few-shot scenarios are presented in Table 2
and Table 3. 3VM consistently outperforms the baselines, achieving a Macro-F1 improvement of 2%
and 6.66% in th&ewandRaresettings on Deng's dataset, respectively. Similariy® increases

the Accuracy score by 4.3% and 5.51% in teavandRaresettings on Ryu's dataset. Besides,

we observe that (1) MRCGNN, which incorporates drug-related semantic relations and molecular
structures, outperforms the structure-based methods SSI-DDI and DeepDDI, indicating that the
inclusion of biomedical information from knowledge graphs enhances the few-shot DDI prediction
task; (2) Image-based methods CGIP and ImageMol perform comparably to methods like MRCGNN,
demonstrating that visual information from molecular images is effective for predicting DDIs under
limited supervision; (3) 3/M, which uni es paired drugs through structural fusion, achieves the
best performance, highlighting that ner-grained structural representations of visual molecules are
crucial for identifying unknown DDIs, even with limited interaction information. These ndings
suggest that 8/M unifying input drugs through structural fusion and self-supervised learning offers

a novel and effective perspective for few-shot DDI prediction.

5.3 Ablation Study (Q2)

To investigate the impact of each mod-
ule in VM, we perform an ablation
study on Deng's and Ryu's datasets by
(1) removing the pretraining process
(calledw/o pretrain) and (2) consid-
ering the pretrained encoder shared
for encoding input drugs separately
(calledw/ shared). We can observe
that all variants perform worse than
the $VM in Figure 3, verifying the
effectiveness of /M.

w/o pretrain. We observe a signi -

cant reduction in performance across  Figure 3: The results on different variants G\@.
all datasets for DDI prediction after

removing the self-supervised learn-

ing process for paired drugs. Sim-

ilarly, we can see that the perfor-

mance of 8VM without pretraining

shows worse results than the variant

w/ shared which implies that self-

supervised pretraining has positive im-

pacts on representing DDIs for shared

encoders. This is becausé\@/I's Figure 4: The performance of8M based on TWOSIDES
use of a self-supervised objective foon inductive scenarios.

jointly encoding paired drugs effec-

tively extracts both extrinsic and in-

trinsic structural correlations between them.

w/ shared.From the results reported in Figure 3, we notice a degradation in performance compared
with S°VM on both Deng's and Ryu's datasets. This observation demonstrates representing paired
drugs jointly is bene cial in fusing structural visual information from molecular images. The
performance reductions observedwio pretrain andw/ shared underscore the importance of
mining structural relationships between drug pairs in a self-supervised manner and jointly encoding
paired drugs for DDI prediction.

5.4 Effectiveness and Interpretability of $VM (Q3)

Inductive Scenario. Predicting potential DDIs for new drugs remains a signi cant challeng®¥\g
introduces a self-supervised framework that mines both extrinsic and intrinsic mechanisms of drug
interactions, showing potential for predicting unknown DDIs for emerging drugs. To evaluate the



prediction ability of $VM on new drugs, we design inductive experiments for two settiigfs:
andS2 As shown in Figure 4, we can see thaV®1 performs best on botl$1and S2settings.
Speci cally, the results indicate that MRCGNN outperforms molecular structure-based methods
like SSI-DDI and STNN-DDI, suggesting that incorporating semantic relations can enhance the
inductive prediction ability for emerging drugs. Besides, ImageMol shows better performance than
previous models, demonstrating that the representations of visual molecules are bene cial to DDI
prediction in inductive scenarios. Furthermoréy$l, by introducing a self-supervised framework
that effectively represents paired drugs jointly and explores structural correlations within the broad
space of drug pairs, achieves notable improvements in®bdmd S2settings. This suggests that
S?VM self-supervised exploration of large-scale observed drug pairs can effectively extract the
structural relations between new drugs.

Structural Interpretation for DDI
Mechanisms.In DDI prediction, per-
petrators can alter the pharmacoki-
netics (PK) of victim drugs by in-
ducing or inhibiting metabolic en-
zymes f1]. To evaluate the inter-
pretability of $VM, we focused on
substructures of perpetrator drugs that
are reported in the literature to in-
hibit metabolic enzymes. We utilize
a manually curated dataset compris-
ing multiple chemicals known to in-
hibit metabolic enzymes via speci ¢
substructures. Figure 5a demonstrates
how VM identi es the most salient
structural motifs in the druaroxe-
tine across multiple DDI pairs. No-
tably, the highlighted substructures
in Paroxetinecorrespond to known
inhibitors of CYP2D6, such a$,3-
Benzodioxold42]. These key frag-
ments were consistently highlighted
in DDIs involving Paroxetine[43],
suggesting mechanistic relevance. To
quantitatively assess the ability of\8M to focus on key substructures, we analyze the predictions
that emphasized known inhibitory motifs across 4,543 DDIs involving nine distinct drugs. As shown
in Figure 5b, we introduce four metrics to assess the hit rate of the top-weighted substructures by
S?VM. The results indicate that the model's top-attended substructures are well-aligned with domain
knowledge, underscoring its strong interpretability in identifying biologically meaningful features
for DDI prediction. Additional details on the evaluation metrics, cases of highlighted regions, and
annotated data are provided in Appendix D.

Figure 5: The structure-based explainability 8%/®.

6 Limitation and Conclusion

Limitation. While $VM advances DDI prediction, three considerations warrant attention. Real-
world DDI distributions are in uenced by temporal emergence patterns, therapeutic classes, and
toxicity pro les—factors not explicitly modeled into the pretraining stage, which could enhance
adverse interaction detection. Second, 2D molecular representations ignore 3D conformational
effects, which re ect inherent scalability-granularity trade-offs rather than critical aws, suggesting
future directions. Third, the current framework primarily focuses on structural learning to support
new or under-annotated drugs, where biological context is often limited or unavailable, thereby
potentially overlooking pharmacological or mechanistic factors underlying DDIs. Compared to
knowledge-enhanced models such as MUFFIN , which rely on entity coveraghl &hieves up

to 32.5% higher accuracy on rare DDIs, demonstrating stronger generalization under low-resource
scenarios.



Conclusion. Predicting drug-drug interactions (DDIs) is essential for ensuring patient safety and
optimizing therapeutic strategies. However, existing models are often limited by insuf cient represen-
tation of structural correlations between paired drugs and inadequate exploration of the vast space of
potential drug pairs. To address these issues, we propgadd, % self-supervised pretraining frame-

work with a pre-fusion strategy that enhances structural modeling and generalization using over 200
million drug pairs. While 3VM demonstrates effectiveness, challenges such as computational costs,
data diversity, and limited interpretability remain, presenting opportunities for further improvement.
Moving forward, we aim to re ne the pretrained encoder as a backbone for drug representation and
extend its applications to broad drug discovery.
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Technical Appendices and Supplementary Material

A Theoretical Analysis

In this section, we use uppercase to denote the random variables and lowercase to represent samples
of the random variables, followed by the common notations from [44, 35].

A.1 Lemma 1 (Chain rule of mutual information)

Mutual information with conditions follows the law below, i.e.,

F(X1;X2;Y) = 1(X1;Y) + 1(X2; Y]jXq) 4o
Proof.
. o p(X1;Y)
FX1Y)+ 1(X2:Y)X1) = Eppyy) 10g =05 +
(X2 ¥)+ 1(X2Y]X1) = Eppuy) log i oS
P(X2; YjX1)
E xpy) 100 ————————
Poaxzy) 109 g i) plyixa)
p(x1;Y) p(X2; yix1)
= E .y lO i i
pOaxay) 199 50 N O0) POGIX2) P(YjXa)
p(X1;Y)P(X2; Y; X1)
= Epry gy IO
pOaxay) 108 o ) p(Y: X1)
p(X2;Y; X1)
= Epaxay) 100 —————~ = 1 (X1; XY
P 109 oty - CHXEY)
End Proof.

Based on the above lemma, we can decompose our mutual informagibfA,; Aq1;Bo) +
| (B1;A1;B>), described next.
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A.2 Proposition 1 (Objectives of Pretrain Process)

As described in the main paper, thgA,; A1;B2)+ 1 (B1; A1; B2) can be decomposed into following
parts:

1 . .

5 I (A1;B1)+ 1 (A2;B2) + | (A1;B1jB2) + | (A2; B2jA1) +
(11)
1 . .

5 1AL A)+ 1(B1iB2) + 1(A1;A2jB2) + 1 (B1;B2jAs)

Proof. We provide the rsttermin (Az;A1;B2) + 1(B1;A1;B2), i.e.1(Az;A1;B>). Based on
theLemma land letX1 = A1; X2 = Bs;Y = Ay, we have:

| (Az;Al;Bz): |(A1;A2)+ | (Ag;szAl): (12)
Also useLemma land letX; = B,; X,> = A1;Y = A,, then we have:
|(A2;A1;Bz): |(BZ;A2)+ |(A2;A1j82): (13)
Based on Eq. (12,13), tH€A,; A1; B,) can be divided into:
h i
1 . .
E |(A1;A2)+ |(A2;szA1)+ |(BZ;A2)+ |(A2;Alsz) . (14)

Similarly, we adopt.emma 1to decompose the second terB1;A;; B,):
1 . .
> I (B1;A1)+ 1(B2;B2jA1)+ I (B1;B2) + 1(B1;A1jB2) - (15)

End Proof.
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Table 4: The DDIs division of Deng's and Ryu's datasets.

Deng's dataset
Few Setting  Rare Setting

Event range #39 - #49 #50 - #65
Event Frequency > 15and 50 15
Event Proportion 1.11% 0.35%

Ryu's dataset
Few Setting Rare Setting

Event range #64 - #75 #76 - #86
Event Frequency >15 and <50 15
Event Proportion 7.42% 4.71%

Table 5: The statistics of TWOSIDES for inductive settings.

S1 Setting S2 Setting

# Drugs in Train 514 514
# Drugs in Valid 30 30
# Drugs in Test 60 60
# training set 185,673 185,673
# valid set 16,113 467
# test set 45,365 2,466

B Experimental Details

All experiments of 3VM and baseline methods were implemented on a Linux Server with 12 vCPU
Intel(R) Xeon(R) Platinum 8255C and one RTX 3090/RTX 2080Ti.

B.1 Datasets.

For few-shot settings, we split the source data into two groups according to their event frequency. As
shown in Table 4, we reported detailed event types and their proportiofesxfandrare settings. We

can observe from Table 4 together with performance in the main paper’t¥ikt &an also achieve
superior performance under a few supervised signals. For the inductive scenario, we 6bhow [

the detailed drugs and DDIs are reported in Table 5.

In the self-supervised pretraining stage, we build large-scale drug pairs from a set of base drugs.
Speci cally, we randomly sele@0Ck molecules from PubChehas a base set of molecules. Then

we randomly sampl@; 000 molecules from PubChem for each molecule of the base set. Based
on this, we construct 200M pairs of drugs for pretraining. The detailed data is provided in the
anonymous repository: https://anonymous.4open.scien€éMSWe conduct more experiments to

verify S?VM on different scales of the base set (Appendix C.2).

We generate molecular images through a standardized and reproducible pipeline designed to ensure
visual consistency and structural delity. All molecules are rst canonicalized using RDKit to obtain

a unique and deterministic SMILES representation, eliminating variations due to atom ordering
or tautomers. The 2D molecular structures are then rendered using RDKit's MolsToGridimage
function, explicitly depicting atoms and bonds, with each molecule represented ag22433ixel

image without stochastic augmentation to guarantee deterministic and consistent visual representation
across runs. Finally, all layout-related parameters, including sub-image spacing, drawing style, and
molecule alignment, are xed to ensure that chemically identical molecules yield identical image
representations.

3https://drive.google.com/ le/d/1t1Ws-wPYPeeuc8f SGgnfUCVCzIM_jUJ/view?usp=sharing
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Table 6: The hyperparameters Gh\GV.

Pretraining DDI prediction

learning rate 15 104 1 103
patch size 16 16
#layers of encoder 12 12
#layers of decoder 4 -
scale 208 -
batch size 512 64
p p=(0:5;0:5) -
embedding dim 192 192

Table 7: Performance (Macro-F1 (%)) of predicting DDIs on Deng's dataset for different fusion
strategies.

Fusion Strategy Feature Operation

Concat Sum
Post Fusion 56.37 58.94
Pre Fusion 59.73 60.25

B.2 Implementation details of SVM.

In the pretraining stage, we tune the learning rate anfidny 10 ;1.5 10 ?;1.5 10 3,15

10 4;1:55 10 % 1.5 10 g, the size of visual fragment/patchfiB; 16; 32; 48y, the number of
transformer layers in encoder amadig 8; 12; 16g, the number of transformer layers in decoder in
f2; 4, 6g, the scale of training data frb0k; 100k; 200k; 300kg. Furthermore, we vary the blending
probability vectorp = ( pg;p2) intop = (0:3;0:7), p = (0:5;0:5), andp = (0:7;0:3). Thep =
(0:5;0:5) is selected nally. For the DDI prediction task, we tune the learning rafelin 10 ;1

10 2,1 10 3;1 10 “g, the batch size amorf@2; 64; 128 2569. The nal hyperparameters are
shown in Table 6.

B.3 Implementation details of baselines.

In the common prediction scenario, we implemented KGNBGIP, CSSE-DDf, and ImageMd|

using their of cial code. The results of other methods MRCGNN, DeepDDI, SSI-DDI, MUFFIN, and
GOoGNN are from MRCGNNZ21]. In the few-shot scenario, we implemented Deep®)SISI-DDP,
META-DDIE!°, MRCGNN!, ImageMol using their source code. In the inductive settings, we
implemented SSI-DDI, MRCGNN, and ImageMol based on their available sources. The results
of STNN-DDI and CSMDDI were from the metho6][ Note that, for the image-based molecular
representation model CGIP and ImageMol, we concat the embeddings of paired drugs and feed it
into a 3-layer MLPs for classi cation. The parameters of CGIP or ImageMol are jointly trained with
the classi er.

16



Table 8: The Macro-F1 (%) performance of\8M and its variant under inductive scenario on
TWOSIDES.

S1setting S2 setting

S?VM w/o pretrain 62.33 57.85
SPVM 78.19 69.34

C Additional Experiments

C.1 Motivation Discussion

 Limited representation of structural correlations between paired drugs. A major
mechanism of drug interactions results from a few local functional substructures instead
of the whole chemical substructurgé3 14]. While the remaining substructures are less
relevant. Therefore, the structural correlations between drugs are crucial to predict DDIs.
To deeply model the structural representation of the whole drug interactions, we adopt
a pre-fusion strategy to encode the input drugs jointly. In table 7, we conduct a simple
experiment to validate the effectivenesgoé-fusion We introduce two fusion strategies
based on molecular morgan ngerprints: @9st Fusionconcatenating or summing the
latent embeddings of a pair of drugs from a 3-layer DNN encoder based on their ngerprint
features (2048-dimensional vectors); B¢ Fusion previously concatenating or summing
the molecular ngerprints of paired drugs as a uni ed input and then encode the input into a
latent embedding using a 3-layer DNN. The experimental settings of the two strategies are
the same. As shown in Table 7, we observe thaptieefusionstrategy performs better. This
phenomenon suggests that direct joint encoding of inputs helps to model drug interactions.

« Limited exploration for the space of drug pairs. Previous methods mainly learned the
representations of drug pairs from known DDIs, which are limited by the labeled data and
generalizability, especially for the new drugkb| 13]. To address this limitation, we propose
a self-supervised pretraining framework learning from d2@eM drug pairs to extract
comprehensive structural correlations between molecules. To validate the effectiveness of the
self-supervised objective, we design a simple experiment®iVMSor the inductive scenario.
Speci cally, we performS?VM and its varian8?VM w/o pretrain on TWOSIDES with
S1 and S2 settings. As shown in Table 8, we observe that3u® $as a signi cant
improvement in predicting DDIs compared wi8VM w/o pretrain . This shows that
S?VM using self-supervised learning on a broad range of drug pairs has the potential to
predict unknown DDIs over emerging drugs. Similarly, in the common scenario depicted
in Figure 6, $VM shows better interaction distribution than others, indicatiRy8 is
ef cient in embedding latent space.

Table 9: The Macro-F1 (%) of%/M under different probability vectoP on Deng's and Ryu's
datasets.

p.:p2 Deng'sdataset Ryu's dataset

7:3 81.59 91.76
5:5 82.97 92.53
3.7 80.87 92.08

“https://github.com/xzenglab/KGNN
®https://github.com/HongxinXiang/CGIP
Shttps://github.com/LARS-research/CSSE-DDI
"https://github.com/HongxinXiang/ImageMol
8https://github.com/deepddi-transfer-learning/deepddi
®https://github.com/kanz76/SSI-DDI
Ohttps://github.com/YifanDengWHU/META-DDIE
Hhttps://github.com/Zhankun-Xiong/MRCGNN
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Figure 6: Distributions of DDI representations frorf\@/, ImageMol, CGIP, and MRCGNN across
8 event types.

Figure 7: The performance of8M and corresponding running time for one step on various patch
sizes.

C.2 Representational Distribution of drug pairs.

To explore the representation distributions of drug pairs under different methods, we visualize the
embeddings of the paired drugs using the T-SK@ fool. Speci cally, we randomly sele@890pair

of drugs acros8 event types and then extract their embeddings from MRCGNN, CGIP, ImageMol,
and SVM for visualization. As shown in Figure 6, we can nd that\®&M can effectively divide the
space for different DDI types, performing best representation distributions.

C.3 Performance on various patch sizes.

We investigate the performance of\BM on different patch sizes (i.e., the value@fand(P; P; C)

is the resolution of each patch/fragment). We vargcross 8; 16; 32; 48g. The results and corre-
sponding average running time (for on step) are reported in Figure 7. We observé\tvaasghieves
best undeP = 8 but suffers expensive time costs. In contragyyd performs a better balance
between the predictive capabilities and time costs when16. Meanwhile, the effect decreases as
P increases and is accompanied by a low time cost. This is because aHamgguces the number

of tokens and brings about inef cient structural fusion, thus exhibiting high time ef ciency and low
prediction accuracy. Therefore, we nally seldtt= 16 as our patch size.

C.4 Performance of $VM on various scales of pretraining data.

To study the performance of8M on various scales of pretraining data, we select different numbers
(f 50k; 100k; 200k; 300kg) of molecules from PubChem as our base set of drugs. We then randomly
construct drug pairs from the base set by sampling 2000 molecules for each drug. The performance
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