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ABSTRACT

Accurately predicting Drug-Drug Interaction Events (DDIEs) is es-
sential for mitigating adverse reactions and improving patient safety.
Despite the success of recent DDIE prediction methods in utilizing
multimodal data, they often overlook redundancy both within and
across modalities, leading to inconsistent and fragmented drug em-
beddings that miss informative pharmacological details. In this pa-
per, we propose COMPACTDDI, a novel framework that learns com-
pact intra- and inter-modality representations for improved DDIE
prediction. Specifically, we design compact modality-specific ex-
tractors to generate consistent drug embeddings for intra-modality.
Furthermore, we introduce a mutual information minimization reg-
ularization strategy that reduces redundancy and enhances comple-
mentarity across modalities. These compact representations are then
fused to enable more accurate and generalized DDIE prediction. Ex-
tensive experiments on two commonly used datasets demonstrate
the superior effectiveness and generalization of our proposed COM-
PACTDDI, particularly in predicting DDIEs between novel drugs.
Our source code is publicly available at: https://github.com/Zixuan-
Guo2005/CompactDDI.

Index Terms— Drug-Drug Interaction Event, Multimodal
Learning, Compact Representation Learning

1. INTRODUCTION

Drug-Drug Interaction Event (DDIE) prediction plays a critical role
in ensuring medication safety and optimizing treatment plans, par-
ticularly as polypharmacy becomes increasingly prevalent in com-
plex disease management [1, 2, [3]. Unexpected DDIEs can lead to
adverse drug reactions, reduced therapeutic efficacy, or even fatal
outcomes [4, 5]]. Therefore, effectively identifying potential DDIEs
can support public health security and clinical research, especially
during novel drug development where clinical trials are limited [6].

Traditional approaches for DDIE prediction primarily relied
on single-modality data, such as handcrafted features or molecular
structures [7, 18]. For example, DeepDDI [7] utilized deep neu-
ral networks to infer interaction types based on chemical structure
similarity. However, such models often struggle to capture the mul-
tifactorial nature of pharmacological signals. Recently, some studies
have explored multimodal learning frameworks, integrating hetero-
geneous sources (e.g., biological profiles and Knowledge Graphs
(KGs)) to enrich drug representations and improve predictive per-
formance [9, (10} [11]]. For instance, MDF-SA-DDI [10] introduced a
transformer-based model that performs multi-source feature fusion
with self-attention for drug embeddings.

*Yanchao Tan is the corresponding author.
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Fig. 1: An illustrative example of Drug-Drug Interaction Event
(DDIE) prediction. Red dashed boxes contain redundant multimodal
features that cause errors, while green dashed boxes indicate com-
pact and informative features that guide accurate DDIE predictions.

However, these methods typically extract features from each
modality independently while ignoring redundancy within and
across modalities. As shown in Fig. |I} when all multimodal fea-
tures of the drug Ibuprofen are considered without filtering (see red
dashed boxes), redundant information across biological, molecular,
and KG modalities (e.g., biological target BCL2 and molecular sub-
structure benzene ring) causes a false toxicity event prediction with
Labetalol [12]. In contrast, after reducing redundancy (see green
dashed boxes), the multimodal information of Ibuprofen becomes
compact, clearly reflecting its core pharmacological properties, such
as PTGS pathway inhibition and the carboxyl group associated
with anti-inflammatory effects [13]. This compact drug represen-
tation naturally leads to the correct DDIE prediction that Labetalol
decreases the antihypertensive activity of Ibuprofen.

To this end, we propose a novel Compact representation learn-
ing framework for multimodal Drug-Drug Interaction event pre-
diction (COMPACTDDI). Specifically, we first integrate a compact
intra-modality module with modality-specific extractors to generate
consistent drug representations. We then employ mutual informa-
tion minimization in the compact inter-modality module to reduce
redundancy and capture cross-modality complementarity. Finally,
we design a DDIE prediction module that fuses the compact embed-
dings into a unified representation for accurate DDIE prediction.

The main contributions of our work are summarized as follows:
(1) We propose a novel compact multimodal framework that inte-
grates intra- and inter-modality representation learning for DDIE
prediction. (2) We design compact modality-specific extractors and a
mutual information minimization regularization strategy, effectively
reducing redundancy within and across modalities while capturing
essential pharmacological signals of drugs. (3) We conduct extensive
experiments on two benchmark datasets under two settings, demon-
strating the superiority and generalization of our COMPACTDDI.
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Fig. 2: The overall framework of our proposed COMPACTDDI, which captures compact multimodal drug representations through intra- and
inter-modality learning to enhance Drug-Drug Interaction Event (DDIE) predictions.

2. METHODOLOGY

2.1. Problem Formulation and COMPACTDDI Overview

Drug-Drug Interaction Event (DDIE) prediction aims to classify the
specific interaction events y,,, € ) between a drug pair (du, dv),
where Y is the DDIE matrix. Each drug is characterized by two pri-
mary multimodal sources: drug profile (e.g., biological and molec-
ular features) and external knowledge (e.g., knowledge graph). To
achieve this, we propose a COMPACTDDI framework, which learns
compact multimodal drug representations for improved DDIE pre-
dictions (shown in Fig. 2). Specifically, we first design compact
modality extractors to transform biological, molecular, and knowl-
edge graph inputs into latent embeddings Zg, Znr, Zi. Then, we
minimize inter-modality mutual information to reduce redundancy
and enhance complementarity across modalities. Finally, the mul-
timodal representations of a drug pair (D,,, D,) are fused and fed
into a DDIE predictor to generate the predicted interactions §u,v.

2.2. Compact Representation Learning for Intra-Modality

To effectively capture informative and compact representations for
each modality, we model drugs from the drug profile and external
knowledge via modality extractors. The former reflects intrinsic
biomedical properties, including biological features and molecular
structures, while the latter encodes extrinsic contextual information,
such as Knowledge Graphs (KGs). Notably, the two perspectives
can flexibly integrate other modalities (e.g., textual descriptions).

Compact Drug Profile Representation. We leverage biological
and molecular modalities to represent each drug profile. For the
biological feature of a drug, we compute Jaccard similarity over
three commonly adopted descriptors (i.e., chemical substructures,
targets, and enzymes) [14} [10]], thereby obtaining the initial biologi-
cal representation X . For the molecular feature, we first obtain the
SMILES string from DrugBank [15] and parse it with RDKit [16]
to construct a molecular graph with atomic and bond information.

The graph is then processed by a Heterogeneous Graph Neural Net-
work (HGNN) [17] to generate the molecular representation X p;.
Subsequently, the biological and molecular representations are fed
into modality-specific autoencoders to produce latent embeddings
Zp,Zn € R'¥4™  The encoder projects each input into a low-
dimensional representation, while the decoder reconstructs the orig-
inal feature space. The reconstruction loss is defined as:

N

1 . . 2

Lip,my = N Z HXEB,I\/I} - XEB,M}H ) (1)
=1

where X E B,my and X f B, denote the original and reconstructed
multimodal representations of drug d;, and N is the number of
drugs. By minimizing this loss, the autoencoders are guided to
preserve expressive modality-specific information while alleviating
redundancy, yielding compact and informative embeddings.
Compact External Knowledge Representation. KGs provide
abundant semantic context, but the large number of relations often
leads to overlapping or inconsistent expressions [18|], which may
capture inaccurate drug characteristics. To achieve a more concise
and semantically consistent knowledge representation, we introduce
relation pruning strategy on the given KG G = (V, R), transforming
the original relation set R into a refined set R as follows:

log(r) + G) 7

T

R = softmax ( 2)

where 7 = MLP(R) represents learnable pruning weights derived
from the original relation embeddings R € R!™I*4™ @G is noise
sampled from a Gumbel distribution, and 7 is a temperature hyperpa-
rameter. We then obtain the refined relations embeddings R=TRR.
This strategy is regularized by a Kullback-Leibler (KL) divergence,
Lx = KL(R||R), which encourages relations with consistent se-
mantics in the context of G to be categorized into the same index,
while preventing excessive pruning and preserving core information.
Ultimately, the compact KG G = (V, R) is encoded by an HGNN
to generate the final knowledge embeddings Zx € R4 We



Table 1: Statistics of the datasets used in our experiments.

Dataset Dengetal. Linetal.
# of Drugs 572 1,258
# of DDIs 74,528 323,539
# of DDI Events 65 100

# of KG Entities 97,243

# of KG Relations 107

define the overall intra-modality compact loss as follows:
Lintra =L+ Ly + Lk (3)

2.3. Compact Representation Learning for Inter-Modality

While each modality extractor produces compact intra-modality em-
beddings directly combining them can still introduce redundancy
due to overlapping semantics across modalities. To capture com-
pact inter-modality signals, we introduce a Mutual Information (MI)
minimization regularization [19]. A high MI indicates overlapping
and redundant signals across modalities. Such redundancy causes
the model to focus on shared interaction mechanisms and conse-
quently misses informative pharmacological details. Formally, the
MI between two embeddings Z; and Z; is defined as:
MI(Zi,Zj):H(Zi)+H(Zj)—H(Zi,Zj)7 (4)
where H (-) denotes the entropy. A high MI value indicates large
information overlap and redundancy between modalities. To enable
efficient computation and optimization, we reformulate MI with con-
ditional entropy and KL divergence as follows:
MI(Z;, Z;) = Hz;(Zi)+ Hz,(Z;) -KL(Z:|| Z;) - KL(Z;]| Z;),
&)
where Hz; (Z;) = —E[logp(Z;|Z;)]. Based on this formulation,
the overall inter-modality compact loss is computed as:
Linter = LM + LuK, (6)
EBM :E[MI(ZB,ZJw)], [,juK :]E[MI(ZJ\/[,ZK)], (7)
By aligning biological and knowledge embeddings with the molec-
ular anchor, the inter-modality loss reduces redundancy and yields
more compact and distinctive representations for DDIE prediction.

2.4. Drug-Drug Interaction Event Prediction

For each drug, we construct a fused representation by concatenat-
ing its compact biological, molecular, and knowledge graph embed-
dings, i.e., D = [Zp||Zum||Zx] € RY34™ Given a drug pair
(du, dv), we then predict their DDIE as follows:
Gu,v :MLP([DHHDU])v ®

where MLP : R1*64™ _, R1XC j5 3 multi-layer perceptron and C
is the number of DDIE classes. We treat DDIE prediction as a multi-
class classification task and optimize via the cross-entropy loss:

Lppr = — Z Yu,v 108 Gu,vs ®

(u,v)eD

where D is the set of training pairs, and ¥y, is the ground-truth.
Finally, the objective function of COMPACTDDI is calculated as:

L = Lop1 + aLrntra + BLrInter, (10)
where « and (8 are hyperparameters balancing the intra- and inter-
modality compact losses.

3. EXPERIMENTS

3.1. Experimental Settings

Datasets and Evaluation Protocols. We verify the effectiveness
of COMPACTDDI on two commonly used datasets, i.e., Deng et
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Fig. 3: Performance (%) comparisons of COMPACTDDI on the two
datasets under the Existing Drug-Existing Drug setting.

al. [14] Lin et al. [10]. Additionally, we use DRKG [21] as the exter-
nal biomedical knowledge graph, which deletes DDIs overlapping
with both datasets to avoid data leakage. The detailed statistics are
summarized in Table E} For evaluation metrics, we adopt accuracy
(ACC), area under the precision-recall curve (AUPR), the area under
the receiver operating characteristic curve (AUC), macro-F1 score
(F1), precision (Pre), and recall (Rec), consistent with [[10} 22].
Baselines. To comprehensively evaluate COMPACTDDI, we com-
pare it with ten representative state-of-the-art baselines, including
traditional classification methods (RF [23]] and DNN [24]), a single-
modality DDIE method (DeepDDI [7]]), and multimodal DDIE
methods (Lee et al. [6], DDIMDL [14], MDNN [9], MDF-SA-
DDI [10], HetDDI [17], MKG-FENN [22], and MolecBioNet [11]).
Implementation Details. Following [[10,[17,[11]], we evaluate DDIE
prediction under two settings: Novel Drug-Novel Drug and Existing
Drug-Existing Drug, where novel drugs appear only in the test set to
assess generalization. Each model is evaluated using 5-fold cross-
validation. We train for 120 epochs with a learning rate of 0.01,
batch size of 1024, embedding dimension dim = 128, and temper-
ature 7 = 0.1. The HGNN encoder is configured with three hidden
layers, and the hyperparameters are set to « = 10 and 5 = 1. All
experiments are conducted on two NVIDIA RTX 3090 Ti GPUs.

3.2. Overall Performance Comparison

We evaluate COMPACTDDI on the Deng et al. and Lin et al. datasets
under both the Novel Drug-Novel Drug and Existing Drug-Existing
Drug settings. The results are shown in Table 2] and Fig. 3] Over-
all, our COMPACTDDI consistently outperforms all baselines across
both settings, demonstrating the effectiveness of compact represen-
tation learning for intra- and inter-modality. In particular, in the
more challenging Novel Drug-Novel Drug setting, COMPACTDDI
achieves significant average improvements of 24.16%, which high-
lights its strong generalization ability to unseen drugs.

Traditional classification and single-modality approaches (e.g.,
DNN and DeepDDI), which rely on handcrafted features or sin-
gle molecular inputs, fail to capture comprehensive drug informa-
tion and thus yield limited performance. By contrast, our proposed
CoMPACTDDI integrates multimodal sources and achieves substan-
tial gains up to 200.91% with Rec on the Deng et al. dataset under
the Novel Drug-Novel Drug setting.

Among multimodal methods, MDF-SA-DDI leverages multiple
biological features, HetDDI combines molecular structures with
KG, and MKG-FENN integrates multimodal knowledge graphs.
However, these methods simply concatenate multimodal drug fea-
tures without capturing semantic dependencies or complementary
information across modalities. While MolecBioNet alleviates inter-
modality overlap between biomedical knowledge graphs and molec-



Table 2: Experimental results (%) on both datasets under the Novel Drug-Novel Drug setting, where * denotes a significant improvement
according to the Wilcoxon signed-rank test [20]. The best performances are highlighted in boldface and the second runners are underlined.

Dataset Deng et al. Lin et al.
Metric ACC AUPR AUC F1 Pre Rec ACC AUPR AUC F1 Pre Rec
RF 36.26 33.21 86.01 15.57 23.59 13.11 40.07 38.16 96.54 19.64 31.86 15.67
DNN 40.87 37.76 95.50 11.52 18.36 10.93 45.70 41.29 95.65 29.97 43.45 25.08
DeepDDI 36.02 27.81 90.59 13.73 15.86 14.50 36.11 28.20 92.64 18.68 23.01 17.11
Lee et al. 40.97 31.84 83.02 20.22 22.16 20.27 48.67 43.49 90.93 30.82 33.55 30.66
DDIMDL 40.75 36.35 95.12 15.90 24.08 14.52 46.99 43.86 96.85 30.32 37.73 27.29
MDNN 45.75 42.15 92.03 16.97 25.64 17.09 50.56 45.43 95.29 21.40 34.63 20.41
MDEF-SA-DDI 43.38 38.73 86.30 23.29 27.15 22.26 47.94 44.50 96.86 29.37 36.67 26.59
HetDDI 44.86 40.12 88.45 22.04 25.98 21.73 49.58 46.10 96.27 28.79 35.09 25.96
MKG-FENN 45.52 41.62 91.49 21.86 27.54 21.31 50.30 46.32 96.69 29.57 37.20 25.46
MolecBioNet 46.54 42.69 90.07 24.50 28.41 22.85 51.43 46.75 95.09 24.59 37.86 27.31
CoMPACTDDI  53.19* 53.75*% 96.95* 29.95% 32.30* 32.89* 68.92* 73.36* 98.16* 39.47* 45.26* 39.38%
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Fig. 4: Performance (%) comparisons of COMPACTDDI and its five
variants on Deng et al. under the Novel Drug-Novel Drug setting.

ular features, it still ignores redundancy within individual modalities.
In contrast, COMPACTDDI explicitly learns more compact and in-
formative drug embeddings for intra- and inter-modality, achieving
up to 60.51% performance gains over MolecBioNet.

3.3. Ablation Studies

To better understand the contribution of each component in COM-
PACTDDI, we conduct ablation studies on the Deng et al. dataset
under the Novel Drug-Novel Drug setting as follows: w/o. Intra-
B and w/o. Intra-M replace the biological and molecular autoen-
coders with simple MLPs, respectively; w/o. Intra-K removes the
relation pruning strategy in the knowledge graph; w/o. Inter removes
the inter-modality compact loss; and w/o. Intra+Inter removes both
intra- and inter-modality compact mechanisms.

As shown in Fig. 4] compared with w/o. Intra+Inter, our COM-
PACTDDI achieves up to 49.54% improvement in Pre. Moreover,
CoMPACTDDI consistently outperforms all intra-modality ablations
(i.e., w/o. Intra-B, w/o. Intra-M, w/o. Intra-K), with an average im-
provement of 25.73%. This indicates that compact modeling within
each modality is essential, while also revealing that the influence of
redundancy on overall performance differs across modalities. Incor-
porating the inter-modality compact loss further boosts performance
up to 15.07% in Pre, highlighting the importance of capturing com-
plementary and reducing redundancy across modalities. These re-
sults also confirm that our design extracts more concise and infor-
mative drug embeddings for enhanced DDIE predictions.

3.4. Case Studies

To demonstrate the advantages of COMPACTDDI in learning com-
pact multimodal drug representations, we visualize the embeddings
from three modalities generated by COMPACTDDI w/o. Intra+Inter

Fig. 5: Visualization of drug embeddings from three modalities on
Deng et al., learned by different models. Best viewed in color.

(which removes both intra- and inter-modality compact mecha-
nisms) and by COMPACTDDI. Additionally, we highlight the drug
Atorvastatin (OJ) with its used multimodal information in Fig. [5]

As shown in Fig. 5[a), without compact mechanisms, the dis-
tributions of biological, molecular, and KG embeddings are frag-
mented, generating inconsistent drug representations. For example,
Atorvastatin’s biological targets, such as APOB, introduce off-target
lipid metabolism signals. Meanwhile, repeated aromatic nuclei and
pyrroline motifs in the molecular structure interfere with the mod-
eling of its hydroxyl-acid group’s cholesterol-lowering role. These
redundancies scatter the embeddings and hinder the capturing of its
lipid-lowering mechanism. In contrast, Fig. [5(b) shows that COM-
PACTDDI produces compact distributions that preserve informative
pharmacological details. For example, filtering out redundant pe-
ripheral proteins and irrelevant KG relations enables Atorvastatin’s
biological and KG embeddings to consistently emphasize key tar-
gets. The resulting partial overlap between the two modalities aligns
with Atorvastatin’s lipid-regulation mechanism, providing a unified
representation for accurate DDIE prediction.

4. CONCLUSION

In this paper, we propose COMPACTDDI, a novel compact repre-
sentation learning framework for multimodal Drug-Drug Interaction
Event (DDIE) prediction. Particularly, we integrate the compact
mechanisms for intra- and inter-modality, which effectively reduce
redundancy and enhance complementarity within and across modal-
ities. This design generates consistent and compact drug represen-
tations, capturing the essential pharmacological details for improved
DDIE prediction. Extensive experiments on two datasets demon-
strate that COMPACTDDI consistently outperforms state-of-the-art
baselines, showing strong accuracy and generalization under Novel
Drug-Novel Drug and Existing Drug-Existing Drug settings.
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